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ABSTRACT  
 
The conservation of biodiversity requires robust evidence to support management decisions 
and predict their impacts on natural populations. At large spatial and temporal scales, these 
decisions become extremely difficult because of the complexity and uncertainty in diagnos-
ing the overall status of terrestrial and marine populations. Among emblematic ecosystems, 
coral reefs are globally in decline due to ongoing increases in frequency, intensity, and diver-
sity of disturbances. Disturbances reduce the coverage of hard coral populations, the habitat-
forming builders of coral reefs and contribute to the decline of coral reef biodiversity. The 
complexity and the importance of this ecosystem but also the lack of adequate knowledge to 
manage them globally underline the need to develop better analytical tools in support of more 
effective management. 
This thesis aims to merge data-based models and adaptive learning approaches to provide 
insights and direction for more informed decision-making at large spatial scales. The first aim 
of this thesis is to showcase the huge spatio-temporal variability of coral cover trajectories on 
the Great Barrier Reef (GBR) and develop a statistical model able to consider the complexity 
of these populations. In particular, I develop a Semi-Parametric Bayesian Hierarchical Model 
to estimate non-linear coral cover trajectories across a three-tiered spatial hierarchy account-
ing for different sources of uncertainty. Beyond the development and application of the mod-
el to the Australian Institute of Marine Science’s Long Term Monitoring Program (LTMP) 
dataset of the GBR, this thesis also focuses on understanding the spatio-temporal effects of 
disturbances and their interactions in coral responses. Information provided by these analyses 
enables the assessment of the overall state of coral populations at large spatial scale such as 
the GBR.  
iii 
Two hundred and ninety four disturbances of the corals sampled by the LTMP were recorded 
during 1995-2011. On average, regional-scale trajectories of Acropora spp. populations, the 
dominant coral genus on the GBR, were downward. These findings agree with previous re-
ports of Acropora decline in the central sections of the GBR including the Cairns, Townsville 
and Whitsundays sub regions, in response to frequent disturbances. Disturbances contributed 
to greater spatial variabilty on individual reefs often resulting in asynchrony of long-term 
trajectories between sites situated only a few meters apart. Furthermore, interactions between 
disturbances were non-additive with the form and magnitude of the synergy depending on 
different locations, frequencies of past-disturbances and intensify with the effects of crown-
of-thorns starfish invasions. Disturbances and their interactions have particularly affected two 
GBR’s sub-regions namely Townsville and Whitsundays contributing to an increased risk of 
a decline in coral population health status at the overall scale of the GBR. 
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Poem wrote by Kathy Jetnil-Kijiner  
(https://www.youtube.com/watch?v=L4fdxXo4tnY) 
 
 
 
Dear Matafele Peinam, 
You are a seven month old sunrise of gummy 
smiles 
You are bald as an egg and bald as the Buddha 
You are thunder thighs and lightning shrieks 
So excited for bananas, hugs and 
our morning walks past the lagoon 
Dear Matafele Peinam, 
I want to tell you about that lagoon 
That lucid, sleepy lagoon lounging against the 
sunrise some men say that one day 
That lagoon will devour you 
They say it will gnaw at the shoreline 
chew at the roots of your breadfruit trees 
gulp down rows of your seawalls 
and crunch your island’s shattered bones 
They say you, your daughter and your grand-
daughter, too 
will wander rootless with only a passport to call 
home 
Dear Matafele Peinam, 
Don’t cry mommy promises you 
No one will come and devour you 
No greedy whale of a company  
sharking through political seas 
No backwater bullying of businesses with broken 
morals no blindfolded bureaucracies gonna push 
his mother ocean over the edge 
No one’s drowning, baby no one’s moving 
No one’s losing their homeland 
No one’s gonna become a climate change refugee 
or should I say no one else 
To the Carteret islanders of Papua New Guinea 
and to the taro islanders of Fiji 
I take this moment 
to apologize to you 
We are drawing the line here 
because baby we are going to fight 
Your mommy daddy bubu jimma your country and 
President too 
We will all fight and even though there are those 
hidden behind platinum titles 
who like to pretend that we don’t exist 
that the Marshall Islands 
Tuvalu, Kiribati, Maldives 
and typhoon Haiyan in the Philippines 
and floods of Pakistan, Algeria, and Colombia 
and all the hurricanes, earthquakes, and tidal 
waves didn’t exist! 
Still there are those 
who see us hands reaching out 
fists raising up banners unfurling 
megaphones booming and  
We are canoes blocking coal ships 
We are the radiance of solar villages 
We are the rich clean soil of the farmer’s past 
We are petitions blooming from teenage finger-
tips 
We are families biking, recycling, reusing, 
engineers dreaming, designing, building, 
artists painting, dancing, writing 
We are spreading the word 
and there are thousands out on the street 
marching with signs hand in hand 
chanting for change NOW 
They’re marching for you, baby 
They’re marching for us because  
We deserve to do more than just survive 
We deserve to thrive
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CHAPTER 1 
INTRODUCTION 
 
1.1 LARGE-SCALE ECOLOGICAL STUDIES: A NEW PARADIGM  
On the eve of the sixth mass extinction of species globally, the protection of Nature 
has never been as imperative as it is today (Barnosky et al. 2012). Economic crises, wars for 
religion and natural resources, and terrorism threats skew political priorities away from the 
prevention of the global degradation of natural ecosystems. Some successful examples of 
ecosystem management do exist. However, these cases are generally implemented for specif-
ic purposes at small scales and cannot be generalized to larger scale issues such as global 
warming and economic development (Cash et al. 2006). Decisions are continuously made in 
the absence of a comprehensive understanding, or robust evidence, of the likely impacts these 
decisions will have on an ecosystem (Cressie et al. 2009; Kujala et al. 2012). A key challenge 
in understanding ecosystem dynamics and providing evidence to support decisions that min-
imise negative impacts on these ecosystems is the extreme difficulty in understanding the 
overall status of terrestrial and marine ecosystems. It is imperative, therefore, to develop tools 
that enable better understanding of these complex systems and provide evidence of the im-
pacts of the implementation of such decisions may have on ecosystems, if we are to curb the 
loss of biodiversity observed worldwide.  
Somewhat paradoxically, environmental sciences have improved significantly since the de-
velopment of computer power and machine learning. Using quantitative approaches to ana-
lyse ecological data allows for more realistic estimation of ecological processes influencing 
variation in population abundances. The focus on the spatio-temporal variability of these pro-
cesses, and their interactions, has improved the accuracy in estimating population states. 
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These modelling approaches transform information contained in data into knowledge (Cressie 
and Wikle 2011). Here, knowledge is formulated in terms of probability distributions which 
describe expected values and associated uncertainty of parameters and functions of interest.  
The complexity of large temporal and spatial scales of ecological processes brings this do-
main into a new paradigm, different from traditional ecology (Fig. 1.1, Miao et al. 2009). 
Several statistical modelling tools, based on replicated designs and null hypothesis testing, 
have been developed for studies addressing small-scale and short-term scientific interroga-
tions. These tests are widely used by ecologists and have enabled decades of improvement on 
our understanding of natural systems. However, most of these tools are not transferable to 
large-scale ecological research where the large spatial and long temporal scales, as well as the 
high complexity of ecological processes result in an inappropriate estimation of uncertainty 
(see Miao et al. 2009 for further details). We advocate that modelling tools for large-scale 
ecological research should be able to track separately two types of uncertainty: (i) the ecolog-
ical errors - how certain is our knowledge of the ecosystems, communities and populations of 
interest, and (ii) statistical errors - can we estimate model parameters with accuracy and pre-
cision (Paté-Cornell 1996; Regan et al. 2002). The approach presented in this thesis enables 
apprehension of the complexity inherent in large-scale datasets and ecological processes.  
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Figure 1.1. Illustration showing that compared to the traditional ecology, large-scale ecologi-
cal research requires a different approach to analysis. The estimation of uncertainty for large 
spatial scales and long temporal ecological processes is generally inadequate when most of 
traditional statistical tools are used. From Miao et al. (2009). 
 
1.2 CORAL REEFS UNDER THREAT  
Coral reefs are vulnerable and valuable ecosystems whose services have been valued at 
350,000 US$/year per hectare (De Groot et al. 2012). This estimated value is greater than for 
any other ecosystem on Earth and highlights the importance of coral reefs in terms of ecolog-
ical, socio-cultural, and economic resources. Despite the considerable benefits these ecosys-
tems bring to human society, the lack of adequate knowledge to manage them globally (Fish-
er et al. 2011) threatens coral reefs with serious degradation and possible extinction (Bell-
wood et al. 2004). 
Disturbances play a key role in the ecological dynamics of coral reef. Throughout their evolu-
tion, scleractinian - or hard corals - and the reefs that they build, have faced diverse perturba-
tions operating over a broad range of spatial and temporal scales. As in other disturbance–
prone ecosystems (e.g. tropical rainforests, eucalypt forests, temperate forests, etc.), the foun-
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dation species have developed responses to cope with a range of magnitudes and frequencies 
of disturbances, to the point where some amount of disturbance may be required to maintain 
the co-existence of species (Connell 1997; Connell et al. 2004; Halford and Caley 2009; 
Halford et al. 2004). However, depending on the type and intensity of disturbances, reef 
communities show a diverse range of responses.  
It is widely recognised that globally, anthropogenic pressures affect the responses of coral 
reefs to disturbance. One of the most important responses is resilience. Resilience is a proper-
ty of populations and communities to either resist and remain fundamentally unchanged in 
the face of a disturbance, or to be damaged and recover, returning (close) to their original 
state (Holling 1973).  As the frequency of disturbances increases, the resilience of reef popu-
lations declines (Hughes et al. 2003). In some parts of the world, coral populations have lost 
their ability to recover from disturbances. Caribbean reefs have revealed the impact of cumu-
lative long-term environmental pressures on coral recovery abilities. Indeed, the synergistic 
effects of over-fishing and widespread mortality of algal grazers from disease have disrupted 
the relationship between algae and corals on these reefs. Because algae populations exploded 
and colonized all the free space, coral populations could not expand, resulting in a shift from 
a dominance of corals to a dominance of macro-algae (Mumby et al. 2007; Jackson et al. 
2014). At the global scale, 75% of coral reefs are threatened by unsustainable fishing practic-
es, pollution, tourism and coastal developments. These pressures are exacerbated by the ef-
fects of climate change on ocean temperatures, acidification and cyclone frequencies (Bell-
wood et al. 2004; Burke at al. 2011). Understanding the effects of these disturbances on coral 
population is imperative for their conservation. 
In this thesis, I focus on the most extensive coral reef ecosystem in the world: Australia’s 
Great Barrier Reef (GBR). As with other coral reefs worldwide, the GBR has been impacted 
by many disturbances of many types over recent decades (Connell et al. 1997, Hughes and 
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Connell 1999, Sweatman et al. 2008, Osborne et al. 2011, De’ath et al. 2012, Brodie and Wa-
terhouse 2012). As a result, its health is declining, but the extent of this deterioration and the 
relative contributions of various disturbances to its decline have been very difficult to ascer-
tain with certainty (Hughes et al. 2011; Sweatman and Syms 2011). Some reports have shown 
that the deterioration could have started with European settlement in 1860 (Daley 2005). Fol-
lowing the colonization of Australia, intense agriculture and associated runoff into coastal 
waters, commercial fishing of dugongs, turtles, fishes and a variety of invertebrates, the de-
velopment of tourism and mining industries (Daley 2005) may have contributed to the trans-
formation of coral reefs from a pristine ecosystem to its current Anthropocene state (see Jack-
son et al. 2001). In 1975, The Great Barrier Reef Marine Park Authority (GBRMPA), an 
Australian Government agency, was created to manage the long-term protection, conserva-
tion and understanding of the GBR. The importance of the GBR has been highlighted with its 
inscription as a World Heritage listed site in 1981 by UNESCO. Management strategies es-
tablished in 1975 were amended in 2007 and 2008 to enhance the protection of this ecosys-
tem. However, in recent times, emerging issues including port expansions, increases in ship-
ping activity, coastal development and intensification in land use within the GBR catchment, 
as well as a large number of consecutive disturbance events including crown-of-thorns star-
fish outbreaks and cyclones has attracted international attention regarding the effective man-
agement of the GBRMPA. The state of the GBR is perhaps illustrated most clearly by the 
current threat of receiving the status of a World Heritage in Danger from the World Heritage 
Committee (IUCN, Decision 37 COM 7B.10). 
1.3 LONG-TERM MONITORING CORAL REEF DATASETS: A KEY TO ENHANCED REEF 
PROTECTION 
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Because of their exceptional marine biodiversity, coral reefs have been the subject of some of 
the most spatially and temporally extensive monitoring of ecological communities on Earth 
(e.g Australian Institute of Marine Science Long-Term Monitoring Program (LTMP), Global 
Coral Reef Monitoring Network (GCRMN), National Oceanic and Atmospheric Administra-
tion (NOAA) and Coral Reef Conservation Program (CRCP))). This focus on monitoring 
coral reefs, and the subsequent availability of data, provides a unique opportunity to examine 
patterns of change in reef communities and understand how disturbances drive community 
dynamics (Connell 1997). Disturbance effects are generally related to patterns of coral 
change by modelling the magnitude, rate and time span of changes to the percentage of coral 
cover (Burgess et al. 2010; Done et al. 2010; Halford and Caley 2009; Halford et al. 2004; 
Wilson et al. 2006; Sweatman et al. 2011; Graham et al. 2011; Osborne et al. 2011; De' ath et 
al. 2012). However, interpretations of these responses are sometimes contradictory depending 
on which datasets and time periods are investigated, and sometimes at the same geographical 
locations. Generally, disturbances on coral reefs have non-uniform effects in space and time 
due to intra-reef heterogeneity in abiotic characteristics and past-disturbance histories. As a 
consequence, coral cover changes are likely to vary within a single reef through time (Fig. 
2.2). Among reefs, differences in the physical environment and reef biodiversity determine 
which processes control the dynamics of these populations and may result in large differences 
in susceptibilities to decline, with responses ranging from complete resilience to local extinc-
tion (Bellwood et al. 2004; Connell 1997; Halford and Caley 2009; Mumby et al. 2007; 
Wilson et al. 2010).   
The Australian Institute of Marine Science’s Long-Term Monitoring Program (LTMP) has 
been monitoring forty-seven reefs along and across the Great Barrier Reef for more than two 
decades. The consistency in the sampling methods and locations means this dataset is unique 
and likely to be rich in information regarding the effects of disturbances on coral populations. 
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1.4 AIMS OF THE THESIS 
The general aim of this thesis is to enhance our capability to develop robust strategies to 
manage natural populations, corals species in this case, at large spatial scales. It also assists in 
highlighting the value of large scale scientific programs for the protection of the GBR and 
coral reefs more broadly. Increasingly scientific studies are demonstrating the global decline 
of coral reef biodiversity and the increase of disturbance frequencies underline the need to 
develop better analytical tools in support of more effective management. Several methodolo-
gies to extract information from long-term data have been developed. However, assumptions 
necessitated by these analytical approaches compromise their relevance to the complex dy-
namics of coral populations. Major issues around their use relate to uncertainty around i) the 
estimation of coral trajectories at different spatial scales, ii) the recognition of disturbance 
effects and their spatio-temporal scales driving these trajectories and, iii) conclusions on what 
is occurring to corals on the Great Barrier Reef. 
In this thesis, I demonstrate the utility of statistical modelling of trajectories of populations 
coupled with adaptive learning approaches to provide insights and direction for more in-
formed strategies for management of ecosystems at large spatial scales. Specifically, the work 
presented in this thesis has a double focus, emphasizing both methodological and ecological 
aspects of coral cover data-based models and addresses four research questions. 
Research questions: 
1. How do different sources of uncertainty affect our abilities to estimate coral cover 
trajectories at large spatial scales? 
2. What is the role of natural disturbances in coral cover trajectories at large-scales? 
3. How much are coral populations undermined by high rates and intensities of dis-
turbances recorded on the GBR over the last 15 years?  
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4. Are these coral populations on Australian’s reefs likely to persist into the future? 
1.5 THESIS OUTLINE 
This thesis is presented as a series of journal publications that have been accepted, are under 
review, or are in preparation. The status of each publication is given at the beginning of its 
corresponding CHAPTER, in addition to acknowledging the contribution of all listed authors. 
Where appropriate, any omissions or additions to an accepted or under review publication are 
also declared at the start of each CHAPTER.  
CHAPTER 2 begins by introducing some ecological aspects of the coral genera studied in this 
thesis. In particular, susceptibilities to disturbances and general states of these populations are 
discussed highlighting their fragility and importance on every coral reef of the planet. This 
CHAPTER then goes on to outline principal modelling approaches used to represent and esti-
mate effects of environmental stressors on coral cover trajectories. In it I consider advantages 
and disadvantages of each approach and explain reasons of the choice of the Bayesian Hier-
archical framework to answer the objectives of this thesis. 
In the CHAPTER 3, the importance of modelling non-linear population trajectories at differ-
ent spatial-scales and associated sources of uncertainty is raised. Because the main focus of 
the modelling approach was to consider these three issues simultaneously, I merge the con-
cepts of a Bayesian Hierarchical framework with a Semi-Parametric approach to create a 
Semi-Parametric Bayesian Hierarchical Model (SPa-BaHM). Performance of the SPa-BaH 
Model has been applied for the first time on coral cover trajectories in one sub-region of the 
GBR. The results demonstrate the necessity of model flexibility and the control of uncertainty 
in the understanding of complex coral trajectories at different spatial scales. 
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In the CHAPTER 4, the SPa-BaH Model is applied at large spatial scales to study the overall 
state of coral populations on the GBR. Analysis in the CHAPTER demonstrates the huge spa-
tio-temporal variability of coral cover trajectories with some signals of coral cover decrease 
for sub-regions situated in the central parts of the GBR. Specifically, given the important var-
iability of coral cover trajectories at local spatial scales and uncertainties in estimation of pa-
rameters, I emphasize the need to derive more information from the model by adding addi-
tional covariates. 
In the CHAPTER 5, the SPa-BaH Model is revisited by introducing the effect of disturbances 
at the smallest spatial scale of the model. Six different types of disturbances are considered to 
determine which potential stressors and their cumulative effects were most destructive for 
coral populations. I then investigate the probability of a negative effect of cumulative disturb-
ances and account for their interactions via two types of machine learning methods.  Results 
show that cumulative effects of disturbance are exacerbated by a particular synergy of stress-
ors related to locations on the GBR, the number of disturbances and a particular type of 
stressor, namely crown-of-thorns starfish.  
CHAPTER 6 continues exploring the effects of disturbance via the quantification of the per-
sistence of coral populations above a particular percentage of coral cover. To address this 
point, I investigate the probability that coral populations persisted with ≥ 4% cover across 
different times and locations on the GBR. Persistence of coral populations above this thresh-
old decreases showing an increased risk of species extinction at the overall scale of the GBR. 
In CHAPTER 7, statistical approaches to evaluate the modelling framework developed in this 
thesis are fully described.   
To conclude, CHAPTERS 8 and 9 summarise the main contributions of this thesis and out-
line possible avenues for future research.       
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CHAPTER 2 
BACKGROUND 
 
2.1 ECOLOGY OF CORALS – FOCUS ON ACROPORA SPP. 
Scleractinian corals are habitat-forming builders of coral reefs. They are mostly colonial and 
sessile species, and they can be very long-lived and have complex life cycles (Veron 2000). 
As with any population, coral population dynamics are governed by births, deaths, immigra-
tion and emigration. These four vital rates can be affected by both intrinsic and extrinsic fac-
tors. Intrinsic factors are related to the biology of the species of interest, such as their life-
history traits including their reproductive strategies, larval characteristics and the dispersal 
abilities these characteristics confer, recruitment processes, as well as growth rates. Among 
600 species of hard coral documented on the Australian reefs, 182 are classified within the 
Acropora genera. The Great Barrier Reef (GBR) is dominated by Acropora spp. accounting 
for approximately 51% of its coral cover (Osborne et al. 2011). Extrinsic factors refer to the 
environmental conditions that contribute to improve or impede coral population dynamics.   
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Figure 2.1. Examples of different growth forms of Acropora spp. (A) Acropora austera, (B) 
Acropora nobilis (C) Acropora palmata (D) Acropora spicifera 
The relatively high growth and recruitment rates of these species allows them to rapidly colo-
nise free space that becomes available on reefs after a disturbance (Halford et al. 2004; 
Osborne et al. 2011). Their relative fragility makes them especially susceptible to breakage 
(Done et al. 2010; Halford et al. 2004; Osborne et al. 2011). Indeed, Acropora spp. can ex-
pand and grow into different complex morphologies or growth forms (Fig. 2.1) reflecting 
mostly the extrinsic factors including physical (hydrodynamics, sedimentation, light, etc.) and 
biological characteristics (predation, competition, and disease) of their location. High mor-
tality of Acropora spp. on the GBR has been associated with cyclones, coral-bleaching, and 
outbreaks of the corallivorous crown-of-thorns starfish (COTS). During disturbances, COTS 
and storms have been associated with the greatest and most widespread coral decline (Os-
borne et al. 2011). Biological disturbances such as coral-bleaching and COTS kill coral but 
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leave the reef framework intact, which is thought to allow coral larvae to recolonise reefs 
more rapidly and to enhance the survival of colonies in physical refuges provided by the 
complex habitat structure (Kayal et al. 2011). These three dimensional structures begin to 
degrade fairly rapidly and can be quickly colonised by algae that inhibits coral settlement. In 
contrast, physical disturbances such as severe storms alter the reef substratum and reduce 
coral recruitment success on longer time scales (Connell 1997). These different action modes 
and their interactions (Fig. 2.2) result in the large number of diverse coral trajectories ob-
served within long-term reef datasets. 
 
Figure 2.2. Effects of disturbance on the same reef from Moorea (French Polynesia). (A) 
Corals dominate the healthy reef (coral cover >40%). (B) Algae have colonized dead coral 
skeletons following severe predation by COTS (~10% coral cover). (C) Mostly dead and 
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weakened coral skeletons were swept away by a cyclone (~5% coral cover). From Kayal et 
al. 2012. 
At the global scale, Acropora spp. are at risk with some Acropora included on the IUCN Red 
List of Threatened Species since 2008. There has also been nearly complete loss of Acropora 
spp. in some parts of the Caribbean (Alvarez-Filip et al. 2009, Roff and Mumby 2012), and 
on Polynesian (Pratchett et al. 2011) and Kenyan reefs (McClanahan 2014). One of the main 
effects of Acropora spp. disappearance is the loss of habitat complexity affecting not only the 
abundance and biomass of coral reef fishes and invertebrates (Alvarez-Filip et al. 2009, 
Halford and Caley 2009, Pratchett et al. 2011, Kayal et al. 2012) but also the balance between 
reef accretion and erosion (Alvarez-Filip et al. 2009).  Reasons for these losses of acroporids 
have been related to poor recovery abilities amplified in low diversity assemblages of 
Acropora spp. (Roff and Mumby 2012), probably due to a suppression of the reproductive 
output of these species (McClanahan 2014). In Australia, Roff et al. (2012) have documented 
an unprecedented historical collapse of Acropora spp. on the GBR coinciding with European 
settlement on the Queensland coastline in the late 19th century, thought to be related to 
increased terrestrial runoff. Irrespective of the causes, this important reef-building coral 
genus can quickly be erradicated from areas due to its high vulnerability to physical 
disturbances and degraded water quality. 
2.2 MODELS OF CORAL POPULATIONS 
There are five major types of population models that have been developed in ecology and 
these are the most commonly applied to corals. These models included: Population Projection 
Matrix models (PPM), Integral Projection Models (IPM), Ordinary Differential Equation 
models (ODE), Markovian models, and Bayesian hierarchical models. In this section, I de-
14 
 
scribe these models and discuss their advantages and disadvantages, as well as their applica-
tions to trajectories of coral populations.    
2.2.1 POPULATION PROJECTION MATRIX MODELS  
Based on the Leslie matrix (1945), PPM models were first applied to coral dynamics by 
Hughes (1984). These models calculate probabilities of transition of individuals within a 
population among a discrete number of different age or size classes. Outputs of these models 
are predicted growth rate λ and age or size structure of populations, which derive from the 
eigenvectors calculated from the input transition matrix. The model is iterated a fixed number 
times to model dynamics through time, or until the model output reaches a stable state, either 
zero or some non-zero steady state. Sensitivity and elasticity analyses quantify the response 
of the model, as changes in population growth rate in response to small variations in the ma-
trix transition probabilities. In corals, populations are typically divided into size rather than 
age classes, as colony size is arguably the best descriptor of colony performance (Hughes 
1984). The probabilities of coral transition among different size classes are calculated as fol-
lows:  
 
( 1) ( )N t A N t+ = ×
  
                                                                                                                                                   (Eq. 2.1) 
where A is the Leslie matrix, N the number of colonies and t time. At each iteration, the 
probabilities for corals to transit to a bigger (blue) and smaller size (green) category define 
the number of colonies within each class (Fig. 2.3). The number of recruits entering the 
smaller size-class provides new individuals (green arrows) that are tracked through the mod-
el, whereas shrinkage (red) and true mortality (black) reduces the number of individuals with-
in each class.   
15 
 
 
Figure 2.3. Conceptual model of coral population dynamics adapted from Hughes 
(1984).  
In 1984, Hughes computed the first population matrix model to capture the effects of storm 
damage on the dynamics of corals by the construction of two distinct Leslie matrices. A com-
parison of the two matrices allowed the evaluation of recovery rates and population sizes. He 
found no difference between the effects of recruitment-failure and disturbances on the limita-
tion of local coral populations. Other population projection models later investigated the ef-
fects of different reproductive strategies (Edmunds and Elahi 2007), density dependence 
(Hughes 1990; Tanner 1997; Randrup et al. 2007),  and reef history on changes in transition 
probabilities (Tanner et al. 1996) and structure of coral communities (Tanner et al. 1994). 
PPM models are attractive in coral reef modelling (Caswell 2001). Their relative simplicity in 
terms of mathematics allows the estimation of transition probabilities to be easily made from 
datasets. Also, results are directly interpretable from the matrix itself (Caswell 2001). How-
ever, the discretisation of coral colony size is an oversimplification that does not match the 
biological relevance of size to coral performance (Burgess 2011), and begs two questions 
about how best to construct such models: 1) how many size-classes should be used and 2) 
which boundary values have ecological meaning? The number and range of size-classes are 
usually defined based on scientific beliefs (Ruesink 1997; Tanner 1997; Fong and Glynn 
1998; Edmunds and Elahi 2007; Riegl et al. 2012). However, the estimation of λ is very sen-
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sitive to size class boundaries. This high sensitivity is mainly due to the over simplification of 
the ecological processes modelled. Values of transition parameters are fixed assuming uni-
formity of ecological processes in time and space. Furthermore, incorporation of the biologi-
cal and physical covariates needed to predict demographic performance is difficult within a 
PPM (Ellner and Rees 2006). Given the limitations of this approach, PPM models are not the 
best choice for predicting reef dynamics at large spatial scales. 
2.2.2 INTEGRAL PROJECTION MODELS 
Integral Projection Models are typically used to deal with problems associated with the dis-
cretisation of sizes in Population Projection Matrices (Easterling et al. 2000). These models 
describe how a continuous population changes through a given time (Easterling et al. 2000). 
In IPMs, probabilities of transition are estimated for each individual in a population, as com-
pared to probabilities being estimated per size-class in PPM models. To estimate transition 
probabilities of individuals in IPMs, the population vector N in PPMs is replaced by a contin-
uous distribution function N(x, t), where x represents one ecological state. Ecological states 
can take many forms including species identity, size class within species, groups of species, 
and combinations of species and environment features (Wooton 2004). The projection matrix 
A (Eq. 2.1) is replaced by a projection kernel ( , ) ( , ) ( , )K y x P y x F y x= + , where P represents 
survival and growth function from state x to another state y, and F represents the fecundity 
function for the same state transitions (Easterling et al. 2000). The population dynamics are 
modelled as: 
 
( , 1) ( , ) ( , )
U
L
N y t K y x N x t dx+ = ∫   
                                                                                                                                      (Eq. 2.2) 
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where [L,U] represents all possible reef states. From Eq (2), two individuals belonging to the 
same size-class in a PPM can now be tracked individually in an IPM based on their starting 
conditions. Similar to PPM models, IPM predicts a population growth rate λ with associated 
eigenvectors plus sensitivity and elasticity properties as functions of a given state (Easterling 
1998). Therefore, the overall growth rate λ is calculated by considering different ecological 
processes within a modelled state. 
Madin et al. (2012) published an IPM investigating synergetic effects of physical and chemi-
cal impacts on the dynamics of one coral population. By using three metrics of population 
dynamics (coral cover, reproductive lifetime, and growth rate), their model indicated that the 
coral species modelled should be particularly sensitive to ocean acidification (chemical), 
which in turn should affect its capacity to resist changes in storm regime (physical) suggest-
ing susceptibility to collapse in the future. However, by considering many covariates, Madin 
et al.’s (2012) study may be over-specified and involve too many assumptions. To improve 
IPM’s accuracy, Żychaluk et al. (2012) developed a model that can accommodate random 
effects on the kernel of an Integral Projection Model. This new semi-parametric approach 
allows the estimation of statistics for equilibrium distributions of benthic communities under 
current environmental conditions. The equilibrium distribution describes the proportion of 
time that an individual reef is expected to spend in a particular state. The notion of coral reef 
state invokes the concept of alternative stable states in describing the dynamics of an ecosys-
tem with more than one equilibrium (Petraitis and Dudgeon 2004). Shifts of ecosystems be-
tween alternate stable states has been a major focus for the coral reef research community for 
the past decades, and most of the recent coral reef models have been developed to investigate 
its underlying processes (details below). While IPM accounts for complex relationships, it 
cannot consider different sources of uncertainty in its parameterisation. Therefore, this ap-
proach is not suitable for large-scale datasets. 
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2.2.3 ORDINARY DIFFERENTIAL EQUATION MODELS  
Ordinary Differential Equation models are purely deterministic, where each relationship and 
process is fully defined. Anthony et al. 2011 published such a model based on the observed 
dynamics of corals and macroalgae, fluctuations in sea-surface temperature and ocean acidi-
fication, and fishing. The goal was to compare the role of environmental and biological pro-
cesses during recovery of benthic reef communities. By simulating an increase in sea-surface 
temperature and water acidification, the model suggests that, under conditions predicted for 
the coming decades (Nakicenovic et al. 2000), herbivorous fishes will be less able to control 
algal abundances, which could lead to the collapse of coral populations. In coral reef ecology, 
ODE models are typically used to estimate the location of thresholds between stable states  
within the pyramid of coral-algae-fish under multiple interactive stressors (Mumby 2006; 
Mumby et al. 2007; Mumby and Harborne 2010; Blackwood et al. 2010; Blackwood et al. 
2011). Other authors have used ODE models to investigate coral species coexistence related 
to other features of the reef environment (Bozec et al. 2012; Van Woesik 2000), competition 
between coral species (Riegl and Purkis 2009; Riegl et al. 2012), and the structure of coral 
communities (Langmead and Sheppard 2004). These models are very useful to gain 
knowledge about which processes might govern community dynamics at small time and spa-
tial scales, but are less well suited to making accurate estimations for larger-scales issues. 
Indeed ODE models are not well suited for large-scale issues because they are parameterized 
based on local scale conditions. These models cannot consider the spatial variability when 
exploring large scales data. Assuming that local scale conditions are valid for the entire Great 
Barrier Reef is not realistic.        
2.2.4 MARKOVIAN MODELS 
Most matrix models described above are based on Markovian assumptions (e.g., Tanner et al. 
1994; Tanner et al. 1996; Tanner et al. 2009; Madin et al. 2012; Żychaluk et al. 2012). Mar-
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kov chain models characterise relationships among the dynamics of different components of a 
system by modelling transitions in states. Here, the probability of transition to the next state 
given the current state is independent of past states. As time approaches infinity, and under 
suitable regularly conditions, Markov models converge to a stationary distribution of state 
probabilities from any set of initial conditions. This stationary distribution corresponds to the 
right eigenvector of the transition matrix A (Eq. 2.1), and gives a projection of the long-term 
equilibrium of the system under a stable environment (Lowe et al. 2011).   
In the domain of reef ecology, most Markov chain models are devoted to understanding un-
derlying processes driving community dynamics based on surveys of corals and algae at dif-
ferent locations. Indeed, the Markov chain model presented by Tanner et al. (1994) used a 
discrete-time approach to analyse the equilibrium state of coral assemblages and the role of 
past disturbance events (Tanner et al. 1996). Results for this model are complex and sensitivi-
ty analyses for coral assemblages show that none of the studied transitions (representing 
probabilities of colonisation, disturbance, replacement, and persistence) were particularly 
important in determining the final composition of assemblages.  Spencer and Susko (2005) 
revisited these models by including a continuous time in transition matrix showing that dis-
crete time models may overestimate the complexity of species interactions. Such continuous-
time models can capture indirect interactions relevant to temporal variability in transitions 
probabilities, which are not accounted for in Markov chain models. Furthermore, the small 
spatial scale typically investigated in Tanner’s papers reduces their ability to be a good can-
didate in the context of this PhD thesis. 
2.2.5 BAYESIAN HIERARCHICAL MODELS  
Hierarchical, multi-level, or random coefficient models are generalizations of regression 
methods (Gelman 2005). Hierarchical modelling by its very nature allows the partitioning of 
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variability into multiple spatial scales and sources of uncertainty. It has been well demon-
strated that ecological processes can be highly variable both within and across different spa-
tio-temporal scales and that the relationship between two variables can change according to 
the spatial scale considered (McMahon and Diez 2007). As a consequence, robust quantita-
tive descriptions of natural patterns need to be able to connect broad-scale patterns to fine-
scale processes, and in doing so transfer information across these scales (Wu and David 
2002). 
To date, only one paper has reported a Bayesian hierarchical model designed to estimate the 
strength of ecological processes in coral populations (Selig et al. 2012). By using a three-
level model, they explored how the protection status of a reef (Marine Protected Area vs un-
protected) and thermal stress (extreme water temperature events) affected variability in coral 
cover on each reef, as well as population averages on all reefs. To account for spatial and 
temporal correlation, Selig et al. (2012) assigned different random effects at each level of 
their model. By incorporating ecological processes at different spatial scales, the authors were 
able to detect in a single model the effects of temperature anomalies at the regional scale on 
the change in percent cover of corals at the reef scale according to their protection status. 
Their study illustrates nicely the idea of cross-scale interactions by modelling the coral cover 
measured at reef scale (level 1), using predictors measured at the same scale (i.e reef protect-
ed status, level 2), and predictors measured at a larger spatial scale (i.e water temperature, 
level 3), where level 3 is nested in level 2, and level 2 nested in level 1. 
Uriarte et al. (2012) investigated the effects of natural disturbances on tropical forests and 
their subsequent recovery. They used a hierarchical model to examine the strategies of tree 
species to withstand and recover from cyclones, and the life-history trade-offs that may facili-
tate species coexistence in tropical forests subject to repeated disturbance from hurricanes. 
By modelling longitudinal data and annual seed production, their results highlight the rich 
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array of tree species responses to disturbance, and provide insights into coexistence mecha-
nisms in forests. In the field of marine biology, investigations of multi-species models, in-
cluding interactions among species and how species relate to their environment, have not yet 
been explored. Indeed, by decomposing a complex univariate problem into a sequence of 
simpler equations with conditional distributions, multivariate ecological problems can be 
explored through hierarchical statistical specifications (Cressie et al. 2009). However, some 
data are almost impossible to obtain in marine systems. For example, population dynamics 
can be highly influenced by recruitment rates (Caley and StJohn 1996)  which, for coral pop-
ulations, are very difficult to track through time and space (Adjeroud et al. 2006). Such logis-
tical constraints may restrict the implementation of hierarchical models in large-scale reef 
ecology. 
2.3 GOODNESS OF FIT 
There are many goodness of fit criteria for measuring a model’s ability to adequately describe 
the data. In this section, we briefly outline a number of goodness of fit criteria commonly 
employed in hierarchical Bayesian modelling.  
The most commonly used assessments of model fit and comparisons are in the form of in-
formation criteria. The general form of information criteria contain a likelihood based term 
plus a complexity penalty. Three common examples of information criteria for assessing 
goodness of fit are as follows. The first is Akaike’s Information Criterion (AIC) (Akaike 
1987) 
2(log( )) 2AIC likelihood K= − +
 
(Eq. 2.3) 
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where the log maximized model likelihood is the probability of the data given a model θ and 
K is the number of free parameters in the model. The AIC helps to identify the best model 
from a point of view of prediction by using cross-validation approach. However, the lack of 
parsimony in its formulation results in a selection of over-parameterized model in the pres-
ence of a large number of observations (Gelman et al. 2014).  
The second is the Bayesian Information Criterion (BIC) (Schwartz 1978) 
2(log( )) ln( )BIC likelihood K n= − +
 
(Eq. 2.4) 
defined by the log maximum likelihood estimate and a penalty term containing the natural 
logarithm of the number of observations n. The BIC is more parsimonious than the AIC, 
however, it is considered as too conservative in the sense of tending to provide less evidence 
for complex model (Gelman et al. 2014).  
The third is the Deviance Information Criterion (DIC) (Spiegelhalter et al. 2002) 
2(log( ( | )) DDIC likelihood y pθ= − +  
(Eq. 2.5) 
where the likelihood is represented by a probability density related to the nature of data (y) 
conditioned upon model parameters (θ) and pD is the complexity term measuring the deviance 
of the model.  
Another common approach is Posterior predictive check (PPC) analyses. These are generally 
performed to compare observed data to replicated data under the model. The PPC can be as-
sessed by the estimation of posterior predictive p-values and/or graphical checks (Gelman et 
al. 1996). 
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Gelman et al. (1996) advocated that the use of graphical displays is one of the most efficient 
ways to perform posterior predictive checks. This qualitative posterior predictive check al-
lows highlighting potential systematic discrepancies between the data and posterior predic-
tions. However, the double-use of the data violates the likelihood rules resulting in a limita-
tion of PPC usage to measure of model adequacy only (Meng 1994).   
Finally, the posterior p-value reports discrepancies between data (y) and replicated data (yrep) 
and is based on the hypothesis that  
0( ) Pr( ( ) ( ) | )repp value y T y T y H− = >
 
(Eq. 2.6) 
where T is a discrepancy measure and H0 a null-hypothesis. From a Bayesian perspective, the 
posterior predictive p-value is a conditional probability given the data. Posterior p-values are 
not well suited to model selection because of it is bias toward of false discovery (Gelman et 
al. 2014). 
  
24 
 
CHAPTER 3 
UNDERSTANDING UNCERTAINTIES IN NON-LINEAR POPULATION TRA-
JECTORIES: A BAYESIAN SEMI-PARAMETRIC HIERARCHICAL APPROACH 
TO LARGE-SCALE SURVEYS OF CORAL COVER 
 
SYNOPSIS 
In this CHAPTER, the description and estimation of population trajectories and associated 
uncertainties are considered using a Bayesian Semi-Parametric Hierarchical model. This 
CHAPTER discusses the idea of a lack of modelling approaches able to consider simultane-
ously nonlinearities and uncertainties associated with multi-scale observations characteristic 
of large spatio-temporal surveys. Regarding its contribution to the aims outlined in CHAP-
TER 1, this study focuses on the first research question of this thesis.  
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3.1 INTRODUCTION 
Effective decision making in conservation and management can be hindered by uncertainty 
surrounding our understanding of population trajectories (Moritz and Agudo 2013). Improv-
ing our understanding of the variability in temporal fluctuations in species abundances is a 
particular challenge when using ecological data because it includes both endogenous varia-
tion in species dynamics as well as errors of observation and estimation (Wikle 2003, Cressie 
et al. 2009, Miao et al. 2009, Kujala et al. 2012). This situation is complicated further because 
the long-term and broad-scale surveys that are needed to efficiently capture ecological trends 
typically exhibit variability that increases with the scale of observation (Clark 2005). 
There is an acknowledged lack of applications of sophisticated statistical tools able to effi-
ciently deal with non-linear trajectories, multi-scale observations and the resulting uncertain-
ties in ecology (Wood 2001, McMahon and Diez 2007, MacNeil et al. 2009). This lack of 
applications is particularly relevant for coral reefs where highly variable species dynamics 
and complex multi-dimensional interaction pathways make it difficult to construct models 
that adequately describe both overall (linear) trends and (nonlinear) fluctuations or deviations 
around these trends, and also sufficiently accommodate uncertainties inherent in these species 
trajectories (Caley and StJohn 1996, Hughes and Connell 1999, Osborne et al. 2011, Sweat-
man et al. 2011, De’ath et al. 2012, Hughes et al. 2012, Kayal et al. 2012, Selig et al. 2012). 
Ignoring such nonlinearities and uncertainties, however, can lead to imprecise inferences and 
compromise effective management of ecosystems. For example, differences in model specifi-
cation have led to disagreements in interpretation of reef trajectory and health (Sweatman et 
al. 2011, Hughes et al. 2011, Sweatman and Syms 2011, Brodie and Waterhouse 2012, Con-
nolly et al. in press). 
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Globally, coral reefs face diverse threats that are increasing in frequency and intensity, yet the 
knowledge required to manage them effectively is currently unavailable (Fisher et al. 2011). 
These threats are contributing to a global decline of corals, the foundation species in these 
ecosystems, through direct sources of mortality (e.g. destructive fishing, coastal development, 
anchorage damage) and degradation of reef environments from different forms of pollution, 
over-harvesting, and climate change (Bellwood et al. 2004). These pressures can affect corals 
across spatial scales ranging from a few cm2 to thousands of km2, and across temporal scales 
ranging from seconds to decades and centuries (Nyström and Folke 2001, Selig et al. 2012, 
Riegl et al. 2013). Despite general awareness that corals are being seriously impacted by the 
simultaneous effects of these multiple sources of degradation, little attention has been given 
to the importance of spatial scale in models of coral trajectories (MacNeil et al. 2009, 
Sweatman et al. 2011, Cheal et al. 2013). Indeed, most models of coral trajectories have fo-
cused on a single spatial scale using either the scale of observation, or by aggregating data 
from multiple sources to achieve some degree of generalization at a larger scale (Gardner et 
al. 2003, Bruno and Selig 2007, Graham et al. 2011). Both of these approaches, however, fail 
to capture the causal mechanisms leading to the actual trajectory observed in nature, and their 
variability in time and space (Austin 2002, Clark 2003, Connolly et al. in press).  
Recent multi-scale approaches to understanding coral trajectories have used generalized line-
ar mixed models (GLMMs). These trajectories are typically fitted using linear equations (Os-
borne et al. 2011, Kayal et al. 2012, Selig et al. 2012) or natural splines (Sweatman et al. 
2011, De’ath 2012). In such cases, coral trends at larger spatial scales (e.g. regions and sub-
regions) are usually fitted by taking into account the hierarchical structure of smaller scales 
(e.g. habitats, reefs and sites) nested within these larger levels (Mellin et al. 2010, Osborne et 
al. 2011, Sweatman et al. 2011, Kayal et al. 2012). GLMMs typically accommodate this hier-
archical structure in the trends, or fixed components, by including random effects in the pa-
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rameterization of the model (Bolker et al. 2009). However, when using such methods, care is 
required to account realistically for the spatial and/or temporal structure affecting random 
effects (Wikle 2003). In all of these studies, random effects are typically assumed to be iden-
tically, normally distributed and independently at a particular spatial scale, such as reef (Os-
borne et al. 2011, Sweatman et al. 2011, De’ath et al. 2012). Since random effects are not 
directly observed in such an analytical framework, the validity of these assumptions is diffi-
cult to test, and if violated, can lead to model misspecifications (Wikle 2003). Of concern is 
that violation of these assumptions may be particularly important when investigating coral 
trajectories. Indeed, corals as well as other sessile habitat-forming communities are often 
studied using long-term surveys over large spatial scales (Hughes and Connell 1999, Gardner 
et al. 2003, Sweatman et al. 2011). Data from such surveys are likely to exhibit temporal 
and/or spatial structure, with measurements made close together in space and or time being 
closely correlated. Such correlations are also likely to be reinforced by large-scale disturb-
ances that can affect multiple locations simultaneously and for long periods (Connell 1997, 
Pandolfi et al. 2003, Halford and Caley 2009, Osborne et al. 2011, Kayal et al. 2012). Conse-
quently, commonly applications of statistical approaches described above, specify spatio-
temporal structure in the fixed-effects component, but not in the random effects. Such meth-
ods, therefore, are limited in their ability to realistically describe the underlying generative 
processes and the different sources of uncertainty commonly encountered in ecological moni-
toring data (Miao et al. 2009, Cheal et al. 2013). 
An alternative approach to modelling large-scale survey data is to break the overall model 
into a series of hierarchically organized sub-models and embed them in a Bayesian analytical 
framework. These sub-models collectively describe a joint probability distribution for param-
eters of interest and for predictions. By construction, the model also accounts for differing 
sources of uncertainty emerging at differing stages in the investigation (Wikle 2003, Clark 
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and Gelfand 2006), including measurement error in data collection (stage 1), process error in 
representation of the ecological process(es) of interest (stage 2), and statistical error in the 
estimation of parameters (stage 3). The flexibility of this formulation, coupled with simula-
tion-based computational methods for parameter estimation such as Markov Chain Monte 
Carlo and related algorithms, can be harnessed to produce more ecologically sensitive non-
linear models. Using this approach, the posterior predictive distribution, which incorporates 
all three levels and other relevant prior information, can be used to evaluate the adequacy of 
the model in terms of its ability to describe the observed data as well as predict unobserved 
data including future or missing observations (Cressie et al. 2009). These models have the 
added advantage of being able to be updated when more data become available, thereby facil-
itating continual refinement of knowledge about ecological processes and considerably in-
creasing their predictive capability (Gelman 2005).  
We introduce a Bayesian semi-parametric hierarchical model to simultaneously quantify non-
linearities in the relationships between a response variable, coral cover, and its covariates, in 
this case, time, uncertainties associated with the model structure and associated parameters, 
and error associated with multiple scales of observation. We illustrate this approach using 14 
years of population estimates for the major reef-building coral genus Acropora, from the 
northern Great Barrier Reef (GBR), Australia. We provide posterior estimates and associated 
uncertainties for coral population trajectories among sites-, reefs- and habitats within a sub-
region, and within reefs and sites across time. Our purpose is not to show a full analysis of 
the dataset, but rather to illustrate the modelling concept and its broader application. We 
demonstrate that this modelling approach is well suited to estimation of population trajecto-
ries and corresponding uncertainty in cases where population variability cannot be assigned 
to unique causes and origins. We argue that this approach provides a useful tool for investi-
gating environmental drivers of population trajectories, the scales at which they act, and 
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which is applicable to a wide range of species. In doing so, it facilitates greater comprehen-
sion of the uncertainties associates with trajectories of these species and, thereby supports 
more informed decision making. 
3.2 METHODS 
3.2.1 DATA 
We used estimates of coral cover from the Australian Institute of Marine Science’s Long 
Term Monitoring Program (LTMP) of the GBR (Sweatman et al. 2008). The LTMP sampled 
benthic communities annually from 1994 to 2004, and then every second year, on 47 reefs 
throughout the GBR using five permanent 50×1m2 photo- (prior to 2006)  and video-transects 
(from 2006) between 6 and 9m depth (Jonker et al. 2008). Hard coral cover was estimated at 
the genus level and expressed as a percentage, based on estimates taken from 200 random 
points along each transect (see Jonker et al. 2008 for further details). In this study, we restrict 
our investigation to the dynamics of acroporid corals which dominate the GBR (i.e. 51% of 
the coral cover) and are considered responsible for most of the variability observed in its cor-
al community trajectories (Osborne et al. 2011). 
To minimize geographical variability in coral dynamics (De’ath et al. 2012), we parameter-
ized the model using data from a single sub-region within the GBR, the Cooktown-Lizard 
Island section for the period 1994 to 2010 inclusive (Fig. 3.1). This sub-region is the north-
ern-most section of the GBR sampled by the LTMP, spanning a latitudinal range from 14ᵒS to 
15ᵒ50’S. Within this area, the LTMP samples three reef habitats defined by their positions on 
the continental shelf. Inner-reefs are the closest to the coast and are most exposed to terrestri-
al and human influences (Bellwood et al. 2004). The mid-shelf habitat extends over a large 
part of the GBR lagoon, with reefs situated at various distances between inner and outer habi-
tats of the barrier reef. The outer-reef habitat extends into more oceanic conditions. In this 
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sub-region, the survey is spatially replicated on two to three reefs per habitat, each reef being 
itself sampled at three distinct sites (Fig. 3.1). We investigated variability in coral dynamics 
at four spatial scales of observation of this hierarchical sampling design ranging from ~250 
m2 for the site scale, 1 km2 for the reef scale, 5-45 km2 for the habitat scale, and ~500 km2 for 
the sub-regional scale of the Cooktown-Lizard Island section of the GBR. Observations at the 
transect scale within sites were pooled because there were no significant differences among 
transects after testing. 
 
Figure 3.1. Sampling design of the Long Term Monitoring Program showing the hierarchical 
levels of observation for the Cooktown-Lizard Island sub-region, one of six sub-regions of 
Australia’s Great Barrier Reef. The sub-region is divided into three shelf-positions or habitats 
(inner reef (red arrows), mid-shelf reef (orange arrows), and outer reef (green arrows)). Each 
habitat is sampled on three sites (green dots) in each of two or three reefs. We highlight three 
sites at Carter reef from the outer reef habitat. Modified from original satellite images © 
Landsat and MODIS satellite imagery courtesy of NASA Goddard Space Flight Center and 
US Geological Survey. 
3.2.2 MODEL 
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A Bayesian longitudinal semi-parametric regression model was used to assess trends in the 
study region. Longitudinal models are suitable for situations like this where repeated meas-
urements on several individuals (here sites within reefs) have been made to reflect how a var-
iable of interest behaves through time. Temporal dynamics are often too complex to be mod-
elled parametrically, when the relationship between time and the response variable cannot be 
assumed to follow a specific and consistent pattern. Such patterns are typical for ecological 
data from corals and many other natural populations and communities whose dynamics are 
driven by myriad interacting biotic and abiotic factors (Wood 2001). Semi-parametric regres-
sions offer an attractive approach for modelling such data. They combine a linear model and 
a smooth non-linear function, and therefore, provide a trade-off between flexibility and inter-
pretability of results (Ruppert et al. 2003). In this paper, penalized splines were used to de-
scribe the non-linear components of the model (Crainiceanu et al. 2005). Within- and be-
tween-group variability was accounted for by the inclusions of random effects terms and dif-
fering levels of spatial hierarchy in the structure of the model.  The preferred model was se-
lected based on Deviance Information Criterion (DIC) diagnostics, which take into account 
both goodness of fit and model parsimony (Spiegelhalter et al. 2002). 
Let yij represent the proportion of Acropora spp. observed at time tij for a site i at the jth time 
point. There are a number of potential ways for describing the distribution of yij; for example, 
it could be represented by a Beta distribution (continuous over the range 0 to 1) or by a nor-
mal distribution based on an arcsine or angular transformation (Rao 1998). Here, we adopt 
the latter approach, so that the dynamics of Acropora are modelled as:                            
 
2arcsin( ) ( , )ij ijy N µ σ −ε∼   
 (Eq. 3.1) 
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where the transformed value of Acropora coverage is assumed to be normally distributed 
with an expected value µij and sampling variance term σε-2. We use a very weakly informative 
conjugate prior for the variance with 2 3 3(10 ,10 )Gammaσ − − −ε ∼ . 
The expected value µij is modelled as: 
 ( ) ( ) ( )( ) ( ) ( ) ( )ij s ij h s ij r sh ij i shr ijf t f t f t f tµ = + + +   
(Eq. 3.2) 
where fs (.) describes the overall mean curve at the scale of the sub-region, and deviations 
from this overall curve represent hierarchically the habitat-, reef-, and site-specific trajecto-
ries. These scales are indexed h, r and i respectively with1 ( 3)habitatsh N≤ ≤ = , 
1 ( 8)
reefsr N≤ ≤ =  and 1 ( 24)sitesi N≤ ≤ = . In the following, for clarity and where it does not 
cause confusion, the nested subscripts are ignored. 
All four contributions to the expected response are modelled as combinations of linear trends 
and splines: 
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(Eq. 3.3) 
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The matrix   is the (t, k)th entry of the design matrix (Crainiceanu et al. 2005), for the penal-
ized spline random coefficients {ck}, corresponding to the sub-region mean function fs (⋅). 
Similarly,  ,  ,	and 
  are defined as the (t, k)th entries of the design matrices for random 
coefficients corresponding to habitat level fh (⋅), the reef level fr (⋅) , and site scale curves fi (⋅). 
Penalized splines were used in the Spa-BaH Model with the assumption of 4 fixed knots and 
shrinkage control corresponding to the first degree polynomial (Crainiceanu et al. 2005). At 
the habitat scales one set of random coefficients {dhk} is allocated to each habitat. Similarly at 
reef and site scales one set of random coefficients {erk} or {gik} are allocated to each reef or 
site, respectively. Four knots were used for the splines for each curve (i.e. K1=...=K4=4). 
Note that because the smoothing is controlled by a penalty parameter, the number of knots K 
is not a crucial parameter in the model (Ruppert 2003). For modelling trajectories over time t, 
the model allows random slopes and intercepts θr and δs at the reef- and site-specific scales. 
Trajectories at the sub-regional and habitat scales are considered as fixed effects, modelled 
via βs and γh. The time regressor (t) is centered on the year 2001 to facilitate model conver-
gence, and to minimize correlation among random effects (Selig et al. 2012). Autocorrelated 
temporal and spatial terms are not explicitly defined in this model, since the correlation ex-
hibited in the data was largely incorporated through the hierarchical structure and the assign-
ment of random effects at each stage of the model (MacNeil et al. 2009, Selig et al. 2012). 
This was checked by plotting residuals at each modelled spatial scale and using the autocorre-
lation function to confirm an absence of temporal structure in the fitted model (results not 
shown). 
The model also assumes that the c, d, e, g, θ and δ parameters are mutually independent, with 
hierarchical priors defined to model the random effects as follows: 
2
1(0, ), 1, ,k cc N k K−σ =∼ …   
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2
2(0, ), 1, , , 1, ,hk d habitatsd N h N k K−σ = =∼ … …   
2
3(0, ), 1, , , 1, ,rk e reefse N r N k K−σ = =∼ … …   
2
4(0, ), 1, , , 1, ,ik g sitesg N i N k K−σ = =∼ … …   
0
2
0 (0, ), 1, ,r reefsN r N−θθ σ =∼ …   
1
2
1 (0, ), 1, ,r reefsN r N−θθ σ =∼ …   
0
2
0 (0, ), 1, ,i sitesN i N−δδ σ =∼ …   
1
2
1 (0, ), 1, ,i sitesN i N−δδ σ =∼ …   
(Eq. 3.4) 
The amount of shrinkage induced by 2c
−σ , 2d
−σ , 2e
−σ , 2g
−σ  is allowed to differ for each level of 
the model and
0
2−
θσ , 1
2−
θσ , 0
2−
δσ and 1
2−
δσ  represent variability of intercepts, and slopes among reefs 
and sites, respectively.  
Temporal trends at sub-regional and habitat scales are considered specific to each area, and 
hence fitted using fixed effects, with vaguely informative prior distributions: 
3
0 1 0 1, , , (0,10 ), 1, ,h h habitatsN h Nβ β γ γ =∼ …   
(Eq. 3.5) 
We use conjugate Gamma priors on the random effects variances: 
0 1 0 1
2 2 2 2 2 2 2 2 3 3
, , , , , , , (10 ,10 )c d e g IG− − − − − − − − − −θ θ δ δσ σ σ σ σ σ σ σ ∼   
2 6 6(10 ,10 )e IG− − −σ ∼      
 (Eq. 3.6) 
Other prior formulations for the precisions were also evaluated, including the Uniform and 
half-Cauchy distributions for the corresponding standard deviations (Gelman 2006), with no 
substantive effect on the posterior distributions or inferences (results not shown). 
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The Directed Acyclic Graphic (DAG) presented in Figure 3.2 shows connections between the 
three hierarchical stages of the model. At the first stage, the data level, the arcsine trans-
formed value of the response yij is distributed around a population mean µij with sampling 
variance term σε-2 (Eq. 3.1). The second stage comprises the model for the ecological process 
and the associated process error (Eq. 3.2-3.4). The third stage includes uncertainty in the 
trend parameters (Eq. 3.5) and variance components (Eq. 3.6). 
Analysis was performed using the R package R2WinBUGS (Sturtz et al. 2005) to call the 
Bayesian software analysis WinBUGS (Spiegelhalter et al. 2003). We provide R and Win-
BUGS code in the Appendix B. Posterior distributions of parameters were approximated by 
Markov Chain Monte Carlo with 200,000 iterations. Convergence diagnostics were assessed 
by using visual (trace and density-plots of parameters and autocorrelation plots between 
MCMC draws) and statistical (Gelman and Rubin diagnostic) functions from the R package 
coda (Plummer et al. 2006). Convergence was satisfied using a burn-in of 100,000 iterations. 
Three MCMC chains were simultaneously run to further evaluate and confirm convergence to 
stationarity. A thinning rate of 50 iterations, mainly used to reduce computer storage space, 
also improved the independence of the simulated values. Parameter inferences were drawn 
from posterior distributions constructed from the retained 2000 iterations from the MCMC 
chains. Goodness-of-fit was assessed by overall model fit diagnostics (DIC), approximate 
normal distributions for the root-mean-squared error (RMSE) terms, precision of parameter 
estimates (width of credible intervals) and posterior predictive fit (whether the observed val-
ues were contained in the 95% credible intervals obtained from the respective posterior pre-
dictive distributions). Autocorrelations between parameters within a spatial scale were also 
examined to confirm independence between linear slope and intercept terms. The accuracy of 
model outputs at each spatial scale was assessed by inspecting the posterior distributions of 
the trend parameters: γ0h, γ1h, θ0r, θ1r, δ0i and δ1i. The fitted trajectory model was then de-
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composed into linear and non-linear components by splitting the respective equations (Eq. 
3.3) into two parts (for example, linear: 0 1i itδ + δ  and non-linear:
4
4
1
, 1, , , 1, ,
K
i
i k tk sites
k
g z i N k K
=
= =∑ … … for fi(t)). This decomposition was visualized for each spa-
tial scale. Note that we examine different components of the expected value µij depending on 
the spatial scale. Coverage of Acropora at the habitat scale is a function of the contribution of 
the sub-region and habitat ( )s hf f+ whereas at the reef level it is a function of the contribution 
of the sub-region, habitat and reef ( )s h rf f f+ + . Finally at the site scale we retrieve the ex-
pected value of observations ( )ij s h r if f f fµ = + + + . 
 
Figure 3.2. Directed Acyclic Graph showing how Acropora cover yij at a site i and time j is 
fitted in three stages. Here, the transformed data yij are modelled using a normal distribution 
with an expected value µij and variance σε-2. The expected value µij is a function of four spa-
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tial scales (sub-region fs, habitat fh, reef fr, and site fi). Linear trends at sub-region and habitat 
scale are modelled using fixed effects (β, γ). At the site and reef scale, trend parameters (θ, δ) 
are considered as random. Trend parameters are denoted with the subscript 0 corresponding 
to the intercept and 1 corresponding to the slope. Random effects require specification of a 
variance component (σ-2), specified for each spatial scale of the model. Refer to the methods 
section for equations. 
3.3 RESULTS 
3.3.1 POSTERIOR DISTRIBUTIONS OF MODEL PARAMETERS AND UN-
CERTAINTY 
Visualization of posterior predictions compared to observations indicated that the model suc-
cessfully captured spatial and temporal variability in Acropora dynamics at the three spatial 
scales nested within sub-region (Fig. 3.3). However, posterior distributions of the slope and 
intercept in trend (i.e, fixed component) show that their precision decreased with the scale of 
observation (see top-left inserts on plots in Fig. 3.3). At the finer scale of the site, linear com-
ponents of the trend were relatively tightly estimated: slopes were centred around 0 (range of 
95% credible interval, RCI<0.05) and intercept terms had slightly larger variances (RCI≈ 0.1) 
with occasional non-zero central values. At the intermediate scale of the reef, the variance of 
the trend parameters was also relatively small (RCI<0.1). At the broadest scale, the estimated 
slopes and intercepts in trend for all three habitats were poorly estimated. These results 
demonstrate that the temporal trends in the model successfully capture patterns at the site and 
reef scales, but not at the broader scale of habitat. At the finer spatial scales, linear dynamics 
were different between and within reefs and sites, with a consistent increase in the amount of 
uncertainty in more recent years (top-right inserts on plots in Fig. 3.3). The estimated non-
linear dynamics were consistent within each spatial scale with spline contributions close to 
39 
 
zero, but the degree of uncertainty differed between scales and was smallest at the reef scale, 
intermediate at the site, and largest at the habitat scale (top-right insert on each plot in Fig. 
3.3). As expected, these uncertainties increased when moving from the centre to the edges of 
the surveyed period. The relatively narrow range of the sampling variance (RCI≈ 0.01, Fig. 
3.4) illustrates that coral dynamics were well explained by the multi-scale dynamics model 
given the data, model structure and distributional assumptions. 
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Figure 3.3. Observed (dots) and fitted (curves) Acropora dynamics and associated parameter 
estimates and uncertainties. Coral dynamics are modelled at the three spatial scales within the 
sub-region of Cooktown-Lizard Island; with plotted lines for: habitats (top); reefs (middle); 
and sites (bottom). Shaded areas encompass 95% posterior predictive intervals around esti-
mated coral trajectories and 95% credible intervals around model parameters. Top-right in-
serts on plots illustrate the linear and non-linear components of coral trajectories extracted 
from equations for fh, fr and fi. Top-left inserts illustrate posterior distributions of linear pa-
rameters (from the top to the bottom, plotted lines are for: θ0 and θ1, δ0 and δ1 respectively; 
refer to Fig. 3.2, see equations in main text). Intercept terms were indexed by 0 and slope 
terms by 1 and shown with their 95% credible interval. Thin black lines on reef- and habitat-
scale plots (mid- and top-line) show the fitted dynamics of nested individual sites. Note dif-
ferent y-axis scales in inserted graphs. Estimates of coral cover trajectories are illustrated at 
the three sites at Carter Reef from the outer reef habitat depicted in Figure 3.1. 
3.3.2 MODELLED CORAL TRAJECTORY PATTERNS 
Most of the uncertainty in estimated coral trajectories occurred among habitats (Fig. 3.4). 
Indeed, Acropora dynamics were substantially different at this scale of observation. Overall 
coral cover was least on mid-shelf reefs, intermediate in inner habitats, and largest on outer 
reefs (Fig. 3.3). Inner- and mid-shelf reefs showed a slow increase in coral cover over the 14 
years of survey, with some evidence of previous decline in the mid-shelf habitat. Outer reefs 
showed more pronounced trajectories, with a rapid increase in coral cover between 1994 and 
2000, a sharp decline from 2000 to 2008, and early signs of recovery afterward.  
Within the sub-region of Cooktown-Lizard Island, Acropora population trajectories were 
relatively consistent among sites and reefs with narrow uncertainty in model parameters esti-
mation (RCI<0.01). However, the degree of uncertainty was higher within reefs and sites 
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particularly in the estimation of variance components for slope in the trend,
1
2−
θσ and 1
2−
δσ (Fig. 
3.4). These results indicate that estimation of coral cover is affected by diverse sources of 
uncertainty acting at different stages of the model and levels of observation. 
   
 
Figure 3.4. Estimation of the uncertainty in the three hierarchical stages of the model. The 
sampling variance σε-2 corresponds to the uncertainty at the data stage, and all other variance 
components σ-2 account for uncertainty in the process model, decomposed into the variability 
in trend (intercept and slope) of coral cover at the three spatial scales of habitat, reefs and 
sites. 
3.4 DISCUSSION 
Mathematical description of non-linear trends and associated uncertainties for hierarchically 
structured data over different spatial scales is a very big challenge which is extremely diffi-
cult to address applying standard statistical approaches to large-scales data. This limitation 
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severely impacts our abilities to understand a diverse range of ecological systems, and other 
systems more broadly. For example, long-term surveys of ecosystems are typically based on 
hierarchical observations (MacMahon et al. 2007, Cressie et al. 2009); in epidemiolo-
gy, spatial trends in health outcomes are monitored among different hierarchies in popula-
tions; in finance, temporal patterns in returns are monitored among financial sectors; and so 
on. In this chapter, we introduce a sophisticated modelling approach that explicitly accounts 
for variability and uncertainty present in population trajectory models by coupling hierar-
chical and semi-parametric methods. Hierarchical modelling by its very nature allows the 
partitioning of variability into multiple spatial scales and model stages. It has been well 
demonstrated that ecological processes can be highly variable both within and across differ-
ent spatio-temporal scales and that the relationship between two variables can change accord-
ing to the spatial scale considered (Wiens 1989, McMahon and Diez 2007). As a conse-
quence, robust quantitative descriptions of natural patterns need to be able to connect broad-
scale patterns to fine-scale processes, and in doing so transfer information across these scales 
(Wu and David 2002). Complemented by a semi-parametric formulation, our approach here 
facilitates a more flexible representation of trends over time, free of parametric constraints, 
and thereby, more effectively “letting the data speak for themselves” (Wood 2001). In addi-
tion, we modelled multifaceted trajectories of populations across space and time by decom-
posing dynamics into linear and non-linear components which represent deviations from line-
arity. Thus, we are able to simultaneously identify long-term trends (linear) as well as more 
temporally localized variations (often non-linear) in population trajectories (Osborne et al. 
2011), contributing to better diagnosis of sources of variability inherent in long-term ecologi-
cal data. 
There is a growing literature on the philosophical, practical and inferential benefits of the 
Bayesian framework for modelling ecological data (Wikle 2003, Clark 2003, Ellison 2004, 
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Clark 2005, Clark and Gelfand 2006, Cressie et al. 2009). In the field of coral reef ecology, 
applications of Bayesian hierarchical regression models are fairly new. Published examples 
have examined: the effects of temperature anomalies on coral cover declines from a global 
meta-analysis (Selig et al. 2012) and spatial variability of reef fish community structure in 
French Polynesia (MacNeil et al. 2007) and Australia (Cheal et al. 2013). These studies, 
however, investigated the effects of different covariates without full consideration of the as-
sociated uncertainties in their models. As a consequence, these studies have not fully utilized 
a major benefit of Bayesian computation, which resides in its capacity to simultaneously 
quantify uncertainties associated with estimated data, model structure and model parameters. 
Indeed, we are no longer restricted to making a choice: whether to account for the spatio-
temporal structure in the data whilst only tracking positive or negative effects of covariates 
on a response variable; or to simplify the spatial structure whilst tracking non-linear effects of 
the covariates on the response. By accounting for non-linear trends (in the fixed component 
of the model), we may then focus on the noise at the appropriate spatio-temporal scales (in 
the random effects component). For coral reef trajectories, we must allow sufficient complex-
ity in both of these fixed and random components. Doing so will help identify and potentially 
reduce sources of uncertainty associated with modelling and will contribute to improved 
knowledge of the dynamics of populations studied in this way. 
The Bayesian semi-parametric hierarchical model presented here also provides a more eco-
logically relevant way of modelling population trajectories, in cases where variability is large 
and cannot be assigned to unique causes and origins. By decomposing this variation into var-
iance components at multiple spatial scales and model stages, and directly assessing the pos-
terior distributions of these components, we have shown that it is not possible to accurately 
estimate trend parameters at a spatial scale larger than that of a reef in the sub-region consid-
ered here. That is, coral trajectories were consistent at the km2 scale of sites within reefs but 
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diverged at the larger 5 km2 scale of reefs within habitats. These results suggest that time as a 
single covariate is insufficient to explain the coral trajectories at the habitat or sub-regional 
scales, and would benefit from additional explanatory factors, such as processes operating at 
these larger scales. For example, a historical review of Acropora populations within the 
Cooktown-Lizard Island sub-region modelled here reveals that they were affected by out-
breaks of the coral predator crows-of-thorns starfish (Acanthaster planci) on mid-shelf reefs 
between 1995 and 1999, and by white syndrome disease from 2000 to 2003 on outer reefs 
(Osborne et al. 2011). Crowns-of-thorns starfish outbreaks are relatively slow and diffusive 
disturbances whose propagation is driven by prey availability (Kayal et al. 2012). Similarly, 
the spread of diseases and impacts from other major disturbances such as cyclones and coral 
bleaching are not homogenous on reefs and typically attenuate as the result of multiple fac-
tors acting at differing scales (Osborne et al. 2011, Bruno and Selig 2007). As a consequence, 
the effects of disturbances are seldom homogeneous across reefs, particularly at larger spatial 
scales such as, in the case of the GBR, shelf-position, making it difficult to explain coral tra-
jectories using time as a single covariate. Nonetheless, this sort of approach is sometimes 
adopted (Osborne et al. 2011, Sweatman et al. 2011, De’ath et al. 2012). Moreover, the three 
categories of shelf-position sampled by the LTMP were initially defined for management 
purposes but in a largely ad hoc fashion and were based on limited knowledge of reef ecolo-
gy at that time (Brodie and Waterhouse 2012). Indeed, the observed reduction in the precision 
of parameter estimates at larger spatial scales can be partly attributed to a lack of trends in the 
data at this habitat scale. A remedy for this may be to include informative covariates in the 
model or use more informed prior information (Low-Choy et al. 2009), obtained perhaps 
from similar analyses of other coral reef systems; these options are the subject of ongoing 
research. Moreover, based on the more extensive information extracted from our statistical 
approach, more informative spatial sampling programs could be designed to address specific 
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management issues in an adaptive learning framework as advocated for example by Caley et 
al. 2014. At present, however, our results indicate that in the absence of better prior 
knowledge, other explanatory covariates and/or other spatial designs, conclusions about GBR 
coral cover trajectories become more uncertain at a scale larger than individual reefs. There-
fore, in this context, management actions and the assessment of their efficacy may be better 
focused at the reef scale. 
In conclusion, the Bayesian semi-parametric hierarchical approach introduced here facilitates 
flexible and environmentally relevant description of non-linear population trajectories and 
associated uncertainties. As illustrated, it can be used to identify critical spatial thresholds 
beyond which ecological data reveal divergence in the trajectories and so hinder model effi-
ciency. Without this decomposition of uncertainties at multiple spatial scales and model stag-
es, patterns remain concealed and conclusions regarding population trajectories can be con-
siderably compromised. In contrast, we argue that our model can unlock information con-
tained in spatially extensive time-series data, facilitate the design of better future surveys, 
provide guidance for understanding sources of uncertainty, and support better informed deci-
sion making. 
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CHAPTER 4 
CORAL COVER TRAJECTORIES ON AUSTRALIA’S GREAT BARRIER REEF: 
ACCOUNTING FOR DISTURBANCE EFFECTS IN LARGE-SCALE SURVEYS 
WITH A SEMI-PARAMETRIC BAYESIAN HIERARCHICAL MODEL (SPa-
BaHM) 
 
SYNOPSIS 
In this CHAPTER, the contributions of local-scale variations in coral cover to large-scales 
trajectories are considered, this time with the application of the Semi-Parametric Bayesian 
Hierarchical model to the entire Great Barrier Reef long-term dataset. As per CHAPTER 3, 
the model is developed to suit coral cover trajectories across a three-tiered spatial hierarchy, 
in the line with the first aim of this thesis. Thus, this CHAPTER presents additional analyses 
on rates and directions of change to categorize coral trajectories and contributes to the second 
and third research questions. 
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4.1 INTRODUCTION 
A fundamental goal of ecology is to understand the processes that drive population dynamics. 
Knowledge of these dynamics will, in turn, underpin sustainable management and species 
conservation (Foden et al. 2013). Statistical modelling of trajectories of populations is a key 
tool for estimating population states, how these states change across space and through time, 
and for understanding the processes responsible. Such modelling coupled with adaptive learn-
ing approaches, can be a powerful combination for extracting information from data, project-
ing population trajectories across organizational hierarchies such as spatial scale, and ac-
counting for different sources of uncertainty (Olden et al. 2008, Cressie et al. 2009, Levy et 
al. 2014).  Applied to long-term and large-scale ecological data, these methods can also help 
to produce more powerful models able to discern subtle patterns from complex dynamics, and 
ultimately, help us gain greater insights into their causes (Clark et al. 2003, Ellison 2004, 
Miao et al. 2009, Caley et al. 2014). One such problem that is potentially amenable to this 
approach is the recent and worldwide decline in ecosystem health and function (Butchart et 
al. 2010, Barnosky et al. 2012). Because ecosystem degradation is often caused by long-term, 
slowly acting processes, population responses to such disturbances can be difficult to detect 
and accurately describe (Luo et al. 2010). As a consequence, analytical tools are required that 
are capable of robust estimation and comparison of long-term population trajectories among 
locations. Without sufficient ability to estimate these large-scale population trajectories, man-
aging for changes in ecosystem trajectories and states is likely to be significantly compro-
mised (Miao et al. 2009, Luo et al. 2010) and could lead to ecological surprises (Lindenmayer 
et al. 2010). 
The challenge of creating models of the long-term and large-scale dynamics of ecosystems is 
compounded by the fact that wild populations are subject to myriad ecological processes act-
ing at different spatial and temporal scales (Levin 1998, McMahon and Diez 2007, Olden et 
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al. 2008, Levy et al. 2014). As a result, population trajectories are expected to be variable in 
sign and rate and non-linear across time and space (Nash et al. 2014). Although the complexi-
ty of ecological processes, and the responses of populations to them, are widely acknowl-
edged (Cressie et al. 2009, Beck et al. 2012), in studying ecological dynamics a choice is of-
ten made between either accounting for the spatio-temporal structure in the data whilst only 
tracking positive or negative effects of covariates on a response variable, or simplifying the 
spatial structure whilst tracking non-linear effects of covariates on the response variable of 
interest (Beck et al. 2012). The acceptance of these analytical trade-offs, however, is unnec-
essary. Spatial and temporal effects can be simultaneously evaluated by partitioning spatial 
variability among hierarchical levels (Wu and David 2002, McMahon and Diez 2007, Mac-
Neil et al. 2009, Levy et al. 2014) and accounting for non-linear temporal variability from 
semi-parametric formulations (Wood 2001) in a Bayesian analytical framework (Crainiceanu 
et al. 2004). Such a Semi-Parametric Bayesian Hierarchical Modelling (SPa-BaHM) frame-
work, can be further extended to examine long-term impacts of disturbances on population 
responses at both local and global scales (Vercelloni et al. 2014). However, if we are going to 
be able to understand long-term disturbance effects on population trajectories by using such 
approaches, data series are required that are spatially and temporally extensive.     
Because of the important economic, ecological and social values of coral reefs (De Groot et 
al. 2012), the threats to them worldwide (Bellwood et al. 2004, Burke et al. 2011), and the 
lack of adequate knowledge to manage them globally (Fisher et al. 2011), coral reefs have 
been the subject of some of the most spatially and temporally extensive monitoring of ecolog-
ical communities on Earth (e.g. Australian Institute of Marine Science Long-Term Monitor-
ing Program (LTMP), Global Coral Reef Monitoring Network (GCRMN), National Oceanic 
and Atmospheric Administration (NOAA) and Coral Reef Conservation Program (CRCP)). 
This focus on monitoring coral reefs provides a unique opportunity to examine the long-term 
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effects of disturbances on population dynamics at different spatial and temporal scales and 
develop better analytical tools in support of more effective management of coral reefs. Over 
the past decades, coral reefs, and in particular the habitat-forming scleractinian corals, have 
been subjected to a range of disturbances such as water temperature fluctuations leading to 
coral bleaching (e.g. Connell et al. 1997, Loya et al. 2001, McClanahan et al. 2007), out-
breaks of coral predators like crown-of-thorns starfish (COTS) (e.g. Moran 1986, Kayal et al. 
2012) and diseases (e.g. Connell et al. 1997, Bruno and Selig 2007), cyclones (e.g. Connell et 
al. 1997, Gardner et al. 2005), and floods (e.g. Smith et al. 2005).  Compounding these dis-
turbance effects, the resilience of corals to disturbances continues to be challenged by in-
creasing frequency and intensity of natural disturbances (Hughes et al. 2003), ocean acidifica-
tion (Hoegh-Guldberg et al. 2007), pollution and over-harvesting (Pandolfi et al. 2003, Bell-
wood et al. 2004). The urgency for understanding the dynamics of coral populations in re-
sponse to such disturbances is perhaps illustrated most clearly by the current threat of Aus-
tralia’s Great Barrier Reef (GBR) receiving the status of a World Heritage Area under by the 
World Heritage Committee (IUCN, Decision 37 COM 7B.10).  
As with other coral reefs worldwide, Australia’s Great Barrier Reef (GBR) has been impacted 
by many and diverse disturbances over recent decades (Connell et al. 1997, Hughes and Con-
nell 1999, Sweatman et al. 2008, Osborne et al. 2011, De’ath et al. 2012, Brodie and Water-
house 2012). As a result, coral populations on the GBR are declining, but the extent of this 
deterioration and the relative contributions of various agents to this decline have been diffi-
cult to ascertain with certainty (e.g. Hughes et al. 2011; Sweatman and Syms 2011). Separate 
studies report major impacts on GBR coral populations from runoff from intensive agricul-
ture (DeVanter et al. 2006, De’ath and Fabricius 2010), COTS outbreaks (Osborne et al. 
2011, De’ath 2012), coral bleaching events in 1998 and 2002 (Berkelmans et al. 2004) and 
subsequent coral disease outbreaks (Maynard et al. 2011), and seven cyclones since 2008 
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(Johnson et al. 2013). These disturbances, their interactions, and the many other biological 
processes that can affect coral abundances (Brodie and Waterhouse 2012, Johnson et al. 
2013) result in highly variable trajectories in coral cover, sometimes with alternating phases 
of decline and recovery, and substantial uncertainty in the estimation of coral population 
trends. The diversity of agents and the complexity of these interactions all contribute to the 
difficulty of interpreting effects of past disturbances (Bellwood 2004, Bruno and Selig 2007, 
Osborne et al. 2011, Sweatman et al. 2011, Hughes et al. 2011, Sweatman and Syms 2011). 
Compounding the complexity of the biotic and abiotic factors that can contribute to making 
the trajectories of coral populations difficult to interpret are the analytical approaches used so 
far. For the most part, published studies have largely neglected effects of spatio-temporal 
variability and uncertainty commonly encountered in reef data. Furthermore, the estimation 
of coral population trajectories needs to account for both statistical and ecological sources of 
uncertainty, which are likely to act at different spatial scales, and thereby reduce the robust-
ness of modelled outcomes where multiple reefs are compared (Vercelloni et al. 2014).          
Here, applying the SPa-BaH Model presented in CHAPTER 3 to a unique long-term and 
broad-scale data series, we estimate and compare coral population trajectories across six sub-
regions of the GBR for corals in the genus Acropora. My main objective was to provide a 
regional perspective on GBR reefs by using information derived at small spatial scales. This 
model structure allowed us to evaluate the contributions of local-scale variations in Acropora 
trajectories to larger spatial-scale trajectories available from the 150,000 km2 of reef area 
sampled by the Long Term Monitoring Program (Sweatman et al. 2008). Here we assess 
Acropora spp. cover as these species account for approximately 51% of the coral cover on the 
GBR (Osborne et al. 2011) are among the most susceptible to disturbances (Halford et al. 
2004) and contribute approximately 75% of the variation in coral cover variation (Osborne et 
al. 2011). We fit the SPa-BaH Model (Vercelloni et al. 2014) at multiple sites, which allowed 
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the detection of nonlinearities in Acropora cover over time, uncertainties associated with the 
model structure and its parameters, and errors associated with multiple scales of observation. 
Regional and sub-regional perspectives were achieved by grouping fitted non-linear site tra-
jectories into trajectory types, developing quantitative metrics which exhibit the rate and di-
rection of change for these trajectories, and relating these results to a review of disturbances 
that have impacted the GBR over the last 25 years.  
 
4.2 METHODS 
4.2.1 DATA 
We used estimates of coral cover from the Australian Institute of Marine Science’s Long 
Term Monitoring Program (LTMP) of the GBR (Sweatman et al. 2008). This program sam-
pled benthic cover annually from 1994 to 2004, and then every second year, on 47 reefs 
throughout the GBR using five permanent 50×1m2 video transects between 6 and 9m depth 
(see Jonker et al. 2008 for further details). Hard coral cover was estimated at the genus level 
and expressed as a percentage of transect area, based on observations taken under 200 ran-
dom points along each transect. The survey was designed to track changes in benthic com-
munities over time across 6 sub-regions (also commonly referred to as sectors) of the GBR 
(Fig. 4.1). Within these sub-regions, the LTMP samples three reef habitats defined by the 
position of reefs on the continental shelf (also commonly referred to as shelf positions), ex-
cept for the Swain and Capricorn-Bunker sub-regions in which only two (mid-shelf and out-
er-shelf) and one (outer-shelf) habitats respectively are represented (Fig. 4.1). Inner-reefs are 
the closest to the coast, and therefore, are most exposed to terrestrial and human influences 
(Bellwood et al. 2004). The mid-shelf habitat extends over a large part of the GBR lagoon, 
with reefs situated at various distances between the inner and outer habitats of the barrier 
reef. Outer-reef habitat extends into more oceanic conditions. The survey is spatially replicat-
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ed on two to four reefs per habitat and subregion, each reef being itself sampled at three dis-
tinct sites (see Fig. 3.1 in CHAPTER 3). A total of 141 sites were sampled between 1994 and 
2010. As a consequences of this monitoring design, the Great Barrier Reef is sampled by the 
LTMP at four replicated and nested spatial scales, from ~250 m2 at the site scale, to ~1 km2 at 
the reef scale, >25 km2 at the habitat scale, and >800 km2 at the sub-regional scale. Based on 
this hierarchical sampling design, the coral trajectories at the scales of reefs, habitats and sub-
regions were drawn by aggregating observations from smaller nested scales within each sam-
pled year. Here, we restrict our investigation to the dynamics of acroporid corals which dom-
inate the GBR (i.e. 51% of coral cover) and are responsible for most of its annual and decadal 
variability in coral trajectories (Osborne et al. 2011). 
 
Figure 4.1. Locations of the 47 reefs surveyed annually from 1994 to 2010. The GBR is di-
vided in six sub-regions (or sectors) from north to south. In each sub-region, three habitats (or 
shelf positions) are monitored (inner reef [red dots], mid-shelf reef [orange dots], and outer 
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reef [green dots]). See Fig. 3.1 in CHAPTER 3 for more information on the hierarchical 
sampling design. Modified from satellite image © Google Earth. 
 
4.2.2 THE SPA-BAH MODEL 
Acropora spp. trajectories were investigated using the SPa-BaH Model originally presented 
by Vercelloni et al. (2014).  These authors focused on a single sub-region of the GBR to illus-
trate the structure and capabilities of the model. In the present study, we extend the applica-
tion of this model to all 6 sub-regions of the GBR (Fig. 4.1) in order to describe and compare 
coral trajectories along and across the GBR. Preliminary model evaluations were undertaken 
to identify the most appropriate model (i.e. which combination of spatial scales and random 
effects explain best the variability in coral trajectories). Overall, diagnostics including devi-
ance information criteria (DIC, summarising goodness of fit), posterior predictive checks 
(summarising predictive capability) and residual analysis showed that for 5 out of the 6 sub-
regions, the preferred model described variability in coral trajectories among sites and habi-
tats within a sub-region, and within sites across time. This model was thus fitted to each sub-
region separately. Note that for the remaining sub-region, the chosen model was the second 
best among the preferred models.  
Within each sub-region, the observed abundance of Acropora yij at time tij indexed by site i 
and time period j was estimated using a three-tiered hierarchical model (Fig. 2). At the first 
tier of the model (the observation stage), the arcsine square root transformed values of yij  
were tested and confirmed to be satisfactorily normal with an mean expected value µij and a  
sampling variance σε-2. At the second tier (the process stage), the expected value µij was de-
scribed by the contribution of coral trajectories at three spatial scales: fs (.) describes the over-
all mean trajectory at the scale of the sub-region, and deviations from this overall curve rep-
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resent hierarchically, the habitat and site-specific dynamics, indexed by h(s) and i(sh,) respec-
tively. At the last tier (the parameters stage), the unknown parameters of the model were de-
scribed by using normal prior distributions on the parameters and inverse gamma distribu-
tions on the hyper-parameters. Trajectories at the sub-regional and habitat scales were mod-
elled as fixed effects, via βs and γh. Two types of parameters were considered here. Fixed 
parameters were described by vague normal prior distributions with a mean equal to 0 and a 
large variance. For modelling trajectories over time t, the model allows random slopes and 
intercepts δi at the site-specific scales. The matrix stkz  is the ( t, k )th entry of the design ma-
trix, for the penalized splines at the sub-region scale. Similarly, htkz and 
i
tkz are defined as the ( 
t, k )th entry of the design matrices for coefficients corresponding to the habitat and site scales 
respectively. Penalized splines were used in the Spa-BaH Model with the assumption of 4 
fixed knots and shrinkage control corresponding to the first degree polynomial (Crainiceanu 
et al. 2005). Associated with the z matrices, a set of random coefficients {ck}, {dhk} and {gik} 
is allocated to the sub-region mean function (indexed by k), each habitat within a sub-region 
(indexed by hk) and site within a habitat (indexed by ik), respectively. Random parameters 
were assumed to be mutually independent, with normally distributed priors for the random 
effects 2 2 2, ,c d g
− − −σ σ σ which were allowed to differ for each level of the model, and with
0
2−
δσ  and 
1
2−
δσ representing the variability between and within sites. Inverse gamma priors were used to 
describe the associated precision parameters. The time regressor (tij) is centered on the year 
2001 to facilitate model convergence. 
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 Figure 4.2. Semi-Parametric Bayesian Hierarchical Model (SPa-BaHM) describing 
Acropora.spp cover yij at a site i and time j according to three hierarchical model stages. 
Here, the transformed data yij are modelled using a normal distribution with an expected val-
ue µij and sampling variance σε-2. The expected value µij is a function of three spatial scales 
(sub-region fs, habitat fh and site fi). Linear trends at sub-region and habitat scale are modelled 
using fixed effects (β, γ). At each site, trend parameters (δ) are considered to be random and 
are denoted by the subscript 0 corresponding to the intercept and 1 corresponding to the 
slope. Random effects require specification of a variance component (σ-2) for each spatial 
scale of the model. 
Convergence diagnostics and model accuracy checks were performed using visual and statis-
tical diagnostics for convergence of MCMC draws and also overall model choice and fit di-
agnostics (DIC), approximation of normal distributions for the root-mean-squared error 
(RMSE) terms, precision (width of credible intervals) and independence of parameter esti-
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mates and posterior predictive fit (whether the observed values were contained in the 95% 
credible intervals obtained from the respective posterior predictive distributions). Description 
of model evaluation and selection of the SPa-BaH Model is presented in Appendix A. 
Different components of the expected value µij were included depending on the spatial scale. 
The proportion of Acropora at the habitat scale is a function of the contribution of the sub-
region and habitat ( )s hf f+  whereas at the site scale it is equal to the expected value of ob-
servations ( )ij s h if f fµ = + + .  
4.2.3 COMPARISONS OF TRAJECTORIES 
Commonalities in coral trajectories were evaluated based on the difference in the posterior 
predicted values of yij(t) and yij(t-lag) for a time period into the past (i.e. the lag). In this 
study, a time-phase defines a period during which a coral trajectory changes in the same di-
rection during at least two consecutive periods (lag ≥ 2). In this way, we are able to avoid the 
effects of data-edges where the estimation of coral cover is more uncertain. Such edges can 
blur interpretation of the directionality of trajectories. Non-overlapping 95% credible inter-
vals for the predicted values of yij(t) and yij (t-lag) were used to classify increases and de-
creases depending on the sign (+ vs -) of change at the scale of sites within reefs. The remain-
ing observations were classified as stable trajectories. A change of phase from increasing to 
decreasing and decreasing to increasing was delineated by the presence of maxima or minima 
in predicted coral trajectories, respectively. Maxima or stability followed by a decrease was 
used as evidence of disturbance impacts. Similarly, the detection of minima or stability fol-
lowed by an increase was considered evidence of a period of coral recovery. Spatial variabil-
ity of coral cover trajectories was compared across reefs at the three replicate sites within 
reefs and sub-regions. 
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4.2.4 QUANTITATIVE METRICS 
Quantitative metrics were extracted directly from model posterior distributions. The SPa-BaH 
Model specification allowed us to partition these coral cover trajectories into linear and non-
linear components. Thus, we are able to separate averaged, estimated, long-term trends (line-
ar) from more temporally localized variations (often non-linear) in population trajectories. 
Linear trends corresponded to the term and the non-linear trends to the term  
from equation fi(t). The linear growth rates (i.e. slope trends) were then estimated from the 
posterior distributions of δ1 (Fig. 4.2) and summarised using means and 95% credible inter-
vals. Strictly positive and negative growth rates were also investigated based on the sign of 
the mean and a strict positive or negative range of the associated 95% CI. Non-linear compo-
nents were used to calculate the rate of non-linear change based on the difference in the pos-
terior predicted values of at time j compared with time j-1. Estimates of the uncer-
tainties in all three hierarchical stages of the model (data, process and parameters) were also 
extracted and plotted for each sub-region. 
4.2.5 CORAL RECOVERY  
Coral recovery rates were estimated for sites among trajectory types for which an increase 
phase was observed, by calculating the slope and corresponding credible interval over the 
recovery period based on estimated coral cover. The average GBR recovery rate was estimat-
ed using a Linear-Mixed-Effects approach in a Bayesian framework (Bolker et al. 2009). The 
mean recovery rate was estimated from the relationship between the number of years of re-
covery observed and estimated coral cover for these particular years and across sites. The 
same method was also used to estimate the recovery rate between trajectory types and the 
decline rate.  
0 1i i
tδ + δ
3
1
K
i
ik tk
k
g z
=
∑
3
1
K
i
ik tk
k
g z
=
∑
59 
 
Disturbance types were identified by matching changes in coral cover on sites with records of 
the nature and date of observed perturbations (Oliver et al. 1995, Sweatman et al. 2008, Os-
borne et al. 2011). Five different types of disturbance were tracked: coral bleaching events, 
crowns-of-thorns starfish outbreaks (COTS), storm/cyclone, unknown, and multiple disturb-
ances. Multiple disturbances were defined as a mix of the different disturbances described 
above but which occurred between two consecutives sampling periods. We considered here 
that an effect of these disturbances was observed when the total coral cover decreased by 
more than 5% between two consecutives sampling periods. These categorizations where then 
used to compare the effects of different disturbance types on rates of coral recovery. Observa-
tions of disturbances were only available from 1994 onwards. Prior to this date, only qualita-
tive observations of perturbations at the reef scale were recorded (Oliver et al. 1995, Sweat-
man et al. 2008).   
4.3 RESULTS 
4.3.1 CORAL TRAJECTORIES AT THE SCALE OF THE GBR 
Based on comparisons of 141 estimated coral cover trajectories (See Appendix A for all 
model outputs), 9 types of trajectories were identified at the scale of the GBR (Fig. 4.3). 
Three types included a single phase (e.g. Increasing (I), Decreasing (D), or Stable(S)) 
throughout the period observed, four types had two phases (e.g. ID, DS, IS and DI ), and two 
types had three phases (e.g. DID and DIS) (Fig. 4.3). At the scale of the Great Barrier Reef, 
32% of sites (45 of 141 sites) were stable (labelled S in Fig. 4.4). This trajectory type includ-
ed sites in sub-regions including Cooktown-Lizard Island, Cairns, Townsville, Whitsundays 
and Swain. In the Cooktown-Lizard Island subregion, stable trajectories were observed for 
inner and mid-shelf habitats. In the Cairns, Townsville, Whitsundays and Swain subregions, 
the outer reef habitat, the inner reef habitat in the sub-regions of Townsville and Whitsundays 
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and mid-shelf habitat in Cairns were also characterised by stable trajectories. Twenty five 
percent of all GBR sites (35 of 141 sites) displayed increasing then decreasing trajectories 
(ID in Fig. 4.4). Most of these sites occurred in outer and mid-shelf habitats for all sub-
regions with the exception of the Swain and Cooktown-Lizard Island sectors, respectively. 
Thirteen percent of sites (19 of 141 sites) showed decreasing trajectories throughout the sur-
vey period (D in Fig. 4.4). These sites were distributed among the three habitats in the 
Townsville and inner and outer-reef habitats of the Whitsundays sub-regions. Seven percent 
of sites (10 of 141 sites) displayed a decreasing then increasing coral cover trajectory in inner 
and mid-shelf habitats of the Cairns and Swain sub-regions, respectively. Only 1% of sites (2 
of 141 sites) displayed increasing coral cover over the entire duration of the survey (I in Fig. 
4.4). Both sites were in the two northern most sub-regions in mid-shelf and outer-reef habitats 
for the sub-region of Cooktown-Lizard Island and Cairns, respectively. The most complicated 
trajectories were composed by three phases (DID and DIS in Fig. 4.4). Sites displaying these 
trajectories occurred in the mid-shelf habitat of the Whitsundays sub-region. The highest 
within-reef spatial variability was observed in the Cairns sub-region, with 60% of reefs show-
ing different coral trajectories among their sites. The sub-regions of Townsville and the Whit-
sundays exhibited non-homogenous coral cover trajectories for 55% of reefs following by the 
Swain sub-region with 43%, Cooktown-Lizard Island with 25% of reefs and the Capricorn 
Bunker reefs where all sites within a reef displayed a similar trajectory type. 
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 Figure 4.3. Examples of observed (dots) and fitted (curves) Acropora trajectories presenting 
the nine coral trajectory types identified. Coral trajectories were categorized according to 
increasing (I), decreasing (D) and stable (S) periods across the entire time series. Trajectory 
types indicate either a consistent trend over the period (I, D or S) or a combination of trends 
(e.g ID represents increasing then decreasing). Shaded areas encompass 95% posterior pre-
dictive intervals around estimated coral trajectories. Sites used here to illustrate trajectory 
types where chosen randomly. Estimations of coral trajectories for the complete dataset can 
be viewed in Appendix A.   
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Figure 4.4. Proportion of sites that displayed each of nine coral trajectory types. The central 
histogram shows the number of sites that displayed each trajectory type at the scale of the 
GBR; each color of histogram bar represents a different trajectory type. In the side panels, the 
same color coding is used to illustrate the number of sites of each trajectory type for each 
habitat (I= inner reefs, M=mid-shelf and O= outer reefs) within the six sub-regions of the 
GBR.  
4.3.2 LINEAR GROWTH RATES OF THE GBR CORAL COVER TRAJECTO-
RIES 
The linear component of coral cover growth rates (i.e. slope parameters of the linear trends) 
differed within and between habitats, sub-regions, and their interactions (Fig. 4.5). The great-
est variability in mean growth rates occurred within the two southern sub-regions (the Capri-
corn-Bunker and Swain sub-regions), and the Townsville sub-region (range of 95% credible 
interval for δ1, RCI>0.04). The Cooktown-Lizard Island, Cairns and Whitsunday sub-regions 
showed mean rates of linear growth close to zero with little variability (RCI≈ [0.01, 0.025]). 
No clear patterns emerged using habitat as a covariate with heterogeneous linear mean rates 
in every sub-region except for the mid-shelf and outer-reef habitats for the Cooktown-Lizard 
63 
 
Island and Cairns sub-regions where rates were close to zero. In total, and independent of 
location, half the sites (71 of 141 sites) displayed negative linear growth while the other half 
(70 of 141 sites) displayed positive linear growth. Among those sites with positive linear 
growth, only one site displayed a positive growth rate throughout this entire time series.  
 
Figure 4.5. Linear growth rates estimated from posterior distributions of the δ1 slope parame-
ter of the linear trends. Points correspond to the mean slope and associated lines indicate their 
95% credible intervals. Each row represents one site within a sub-region. Sub-regions are 
classified from north to south with CL= Cooktown-Lizard Island, CA= Cairns, TO= Towns-
ville, WH= Whitsundays, SW= Swain and CB= Capricorn-Bunker. 
4.3.3 NON-LINEAR RATES OF CHANGE IN GBR CORAL COVER TRAJEC-
TORIES 
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The non-linear rates of change in coral cover varied considerably among the GBR sub-
regions (Fig. 4.6). The large non-linear rates in the most southern sub-regions of the GBR 
indicate that coral cover trajectories from the Swain and Capricorn-Bunker sub-regions were, 
in general, the most non-linear over the 16-year period studied here. At the habitat scale with-
in sub-regions, most non-linear variation occurred in the mid-shelf habitat in the Townsville, 
Whitsundays and Swain sub-regions, in the inner-reef habitat in the Townsville sub-region 
and in the outer-reef habitat in Cooktown-Lizard Island sub-region (Fig. 4.6).  
 
Figure 4.6. Non-linear rate of change for Acropora cover over 16 years. Each line corre-
sponds to one site within one of six sub-regions. Sub-regions are from north to south CL= 
Cooktown-Lizard Island, CA= Cairns, TO= Townsville, WH= Whitsundays, SW= Swain and 
CB= Capricorn-Bunker. 
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4.3.4 UNCERTAINTIES ACROSS SPATIAL SCALES 
Sampling variance terms differed by sub-region (Fig. 4.7) being greatest for the Cooktown-
Lizard Island and Cairns sub-regions, decreasing relatively gradually from north to south. At 
the process stage, variance among habitats and sites were similar between sub-regions, how-
ever, uncertainty was greater at the habitat scale than at the site scale (Fig. 4.7), especially for 
the Cooktown-Lizard Island sub-region (RCI>0.2). Within sites, the estimation of variance 
components of the slope of the linear trend was more certain than for the intercept. The larg-
est variance in slopes occurred for the Cooktown-Lizard Island and Cairns sub-regions and 
tended to decrease from north to south. 
 
Figure 4.7. Estimation of the uncertainty in the three hierarchical stages of the model. The 
sampling variance term σε-2 corresponds to the uncertainty at the data stage, and all other var-
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iance components σ-2 account for uncertainty in the model process, decomposed into the vari-
ability in linear trend (intercept and slope) of coral cover at the three spatial scales of habitat 
and sites. 
4.3.5 TRAJECTORIES OF CORAL RECOVERY AND DECLINE 
Few replicate DID and DIS trajectories were observed. These tripartite trajectory types were 
not included in subsequent analyses as they all occurred within the mid-shelf habitat of the 
Whitsundays sub-region and were therefore deemed likely to be unrepresentative (Fig. 4.4). 
The Increase-Decrease (ID), Increase (I), Increase-Stable (IS) and Decrease-Increase (DI) 
trajectories included a total of 59 recovery periods. In general, the rates of recovery were dif-
ferent between sub-regions among the ID trajectories with annual increases ranging between 
2-12% (Fig. 4.8, Appendix A). Coral recovery rates were more homogenous among sites 
within other trajectory types (Fig. 4.8). Overall, annual recovery rates rarely exceeded 2.5% 
and were relatively constant among sites (Appendix A). Comparisons of these four trajectory 
types indicate two main recovery periods that occurred on two separate sets of sites and fol-
lowed two distinct outbreaks of crown-of-thorns (COTS) starfish. These sites represent 56% 
of the ID, I, IS and DI trajectories observed (33 of 59 sites). Thirty-eight percent of sites (23 
of 59 sites) increased after an unknown disturbance and just three sites after multiple disturb-
ances. Prior to 1990 in the Capricorn-Bunker sub-region, Acropora spp. decreased due to an 
unknown cause (Oliver et al. 1995). Decreases also occurred in the Cairns, Whitsundays and 
Swain sub-regions but there are no records of the agents of these events. The multiple dis-
turbances that were followed by recovery occurred in 2001 for the three sites of Low-Isles 
situated in the inner habitat in the Cairns sub-region. 
Results from the Bayesian Linear Mixed Effects model show that the average rate of recovery 
estimated from sites with Increase-Decrease (ID), Increase (I), Increase-Stable (IS) and De-
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crease-Increase (DI) trajectories, a total of 59 sites was estimated at 4.5% [3.7-5.3, 95% cred-
ible interval] (Fig. 4.8). We used the same approach to compare rates of recovery following 
the two distinct COTS outbreaks in 1987-1994 and 2000-2003. This comparison was done by 
splitting the four trajectory types into two groups. The first group included sites with ID, IS 
and I trajectories (27 of 33 sites) and the second group 6 sites with DI trajectories. Coral re-
covery was faster after the first COTS outbreak (annual rate = 4.5% [3.6-5.6, 95% credible 
interval]) compared to after the second one where the rate of recovery was estimated to be 
2.9% [0.6-5.1, 95% credible interval]. However, recovery is likely to have been incomplete 
for sites impacted by the second wave of COTS by the end of the time series analyzed here. 
Average rate of decline was estimated from sites with Increase-Decrease (ID), Decrease (D), 
Decrease-Stable (DS) and Decrease-Increase (DI) trajectories, a total of 76 periods of decline. 
Overall, Acropora spp. declined at an annual rate of -3.9% [-4.4 - -3.3, 95% credible interval] 
over the time period considered here (Fig. 4.8). 
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Figure 4.8. Relationships between rates of coral recovery and decline and the duration of 
these increases and decreases. Dots and thin lines depict estimated coral cover. Thick black 
lines depict the linear relationships estimated between: the (a) number of years of recovery 
and coral cover estimated, (b) recovery aggregated by trajectory types, (c) recovery following 
two outbreaks of Crown-of-Thorns starfish and (d) coral cover versus years of decline. 
Dashed black lines indicate 95% credible intervals. 
4.4 DISCUSSION 
Patterns of recovery and decline of coral populations from disturbance has been an important 
focus of research for a number of decades (Connell 1997, Hughes and Connell 1999, Pandolfi 
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et al. 2003, Hughes et al. 2003, Halford and Caley 2009, Done et al. 2010, Osborne et al. 
2011, Graham et al. 2011, De’ath et al. 2012, Johns et al. 2014, Graham et al. 2014). Typical-
ly, however, in such studies large-scale coral cover trajectories are often deduced by aggre-
gating data across scales to achieve some degree of generalization. In this study, we demon-
strate that much of the disturbance effects impinging on coral populations has probably been 
missed by ignoring spatial variation in coral cover trajectories at these small scales. By ac-
counting for three distinct spatial scales and controlling for several sources of uncertainty for 
the GBR, we highlight a number of points that should be considered before arriving at con-
clusions about the state of coral populations at these larger spatial scales.  
From a regional perspective, the cover of acroporid corals was neither uniformly up or down 
over the 16 years examined; 47% of sites (N=66 sites) exhibited at least one increasing phase 
of coral cover, whereas 58% of sites (N=82 sites) showed at least one decreasing phase. From 
the same spatial perspective there was also evidence of some overall degree of stability in 
coral cover trajectories given that an equal number of sites displayed positive and negative 
slopes (δ1). Consistent declines in coral cover (trajectory type D) throughout this time series 
were only evident in the central GBR subregions, namely Townsville and Whitsundays with-
in all habitats, but with the exception of the mid-shelf sites in the Whitsundays. Note also that 
coral trajectories on mid shelf reefs were the most complicated when observed at the scale of 
the GBR, with three distinct trajectory types detected for these sites.  Our analyses demon-
strate, therefore, that the estimation of coral trajectories based on linear trends alone appears 
inadequate in many instances to adequately capture abundance trajectories for Acropora spp. 
and likely other coral reef populations more broadly.  Despite the differences in interpretation 
from our analyses and those of previous studies, our findings regarding long-term coral tra-
jectories agree with previous studies that have reported important disturbance effects along 
and across the GBR and that the effects of these disturbances have been particularly pro-
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nounced in the central sub-regions (DeVanter et al. 2006, Sweatman et al. 2008, De’ath and 
Fabricius 2010, Hughes et al. 2011, Osborne et al. 2011, Brodie and Waterhouse 2012, 
De’ath et al. 2012, Johnson et al. 2013, Cheal et al. 2013). 
Beyond revealing these broad-scale effects, our results also highlight considerable spatial 
variability in the impacts of disturbances and the responses of Acroporid coral cover to them 
at the sub-regional scale. For example, more than 50% of surveyed reefs in the sub-regions of 
Cairns, Townsville and Whitsundays, exhibited different trajectory types among sites situated 
only a few meters apart. Because most previous studies have investigated GBR coral trajecto-
ries at the reef scale (Bruno and Selig 2007, Sweatman et al. 2008, Osborne et al. 2011, 
De’ath et al. 2012, Johns et al. 2014), the potential importance of within reef scale variation 
in coral cover trajectories has also been lost. If so, the high spatio-temporal variability we 
detected among sites could be a sign of different dynamics characterizing two different types 
of dominant ecological processes between the central part of the GBR and other sub-regions. 
Disturbances seemed to be more homogeneous among reefs in the Cooktown-Lizard Island 
and southern sub-regions. However, Acropora spp. from the central GBR’s sub-regions ap-
pear to be controlled by finer-scale processes making long-term coral trajectories less con-
sistent within different locations of the same reef. These local variations in trajectories may 
reflect different disturbance histories at these scales. 
Here, we have assessed coral recovery based on linear growth rates of coral cover estimated 
by positive slopes of change in coral cover conditioned by the uncertainty in the data estima-
tion. By estimating growth rates directly in this way, we were able to detect effects that may 
not have been seen otherwise. For example, most previous approaches to analysing coral re-
covery have used a criterion of complete coral recovery; that is, the return of coral cover to its 
pre-disturbance level, and often, to an identical community composition (Johns et al. 2014). 
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Such recovery typically requires decades (Halford et al. 2004, Halford and Caley 2009, Os-
borne et al. 2011; Graham et al. 2014). The definition of coral recovery we have used here, 
therefore, is less restrictive than one commonly used (Connell et al. 1997, Hughes et al. 2010, 
Graham et al. 2011) but is justified for our purposes. Given recent probabilities of occurrence 
for reefs of the GBR of one moderate disturbance every 6 years, and one large disturbance 
every 11 years (Osborne et al. 2011), plus various chronic environmental pressures, the detec-
tion of complete coral recovery during the 16 years of the time-series analysed here would 
have been almost impossible. Yet, clearly, valuable information about the recovery of coral 
cover is embedded in this data set.  
For example, previous studies have demonstrated that recovery rates of corals can be im-
paired by repeat disturbances (Hughes et al. 2003, Osborne et al. 2011). Our results support 
these earlier conclusions. Comparison of the rates of the two phases of coral recovery ob-
served here following COTS outbreaks showed slower and more uncertain rates of recovery 
following the second outbreak in 2000-2003 compared to the first one in 1987-1994. Irre-
spective of any differences in rates of coral recovery, we also found fewer sites at which coral 
recovery at any rate was detected after the second COTS outbreak. This reduction in the 
number of sites showing recovery, particularly in the Cairns and Swain sub-regions, may 
indicate cumulative and interacting disturbance effects on corals in response to past-
disturbance events in these parts of the GBR.  
Globally, Acropora spp. are at risk with some Acropora spp. inscribed on the IUCN Red List 
of Threatened Species since 2008. Indeed, there has also been a near complete loss of 
Acropora spp. in some parts of the Caribbean (Alvarez-Filip et al. 2009, Roff and Mumby 
2012), on Polynesian (Pratchett et al. 2011) and Kenyan reefs (McClanahan 2014). In Aus-
tralia, the amounts and causes of coral loss on the GBR has been debated (Sweatman et al. 
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2011; Hughes et al. 2011; Sweatman and Syms 2011). However, resolution of such debates, 
and robust population estimates for coral species that may be at risk or declining will be diffi-
cult without careful consideration of the many sources of uncertainty in these sorts of data 
and the models used to analyze them. Throughout this study, uncertainty has been quantified 
and carefully taken into account in our interpretation of coral trajectories and estimated pa-
rameters. For example, beyond demonstrating a fair degree of stability in Acropora spp. tra-
jectories, our study also highlights a high degree of uncertainty in the estimation of coral cov-
er in some locations of the GBR but not others. For example, the methods used here to identi-
fy trajectory types are robust when the model estimates the data well, but is not as robust in 
the presence of uncertainty. As a consequence, estimation of coral changes is not certain and 
may have led to a systematic over-estimation of stable trajectories and many of the “stable” 
trajectories are likely to have embedded in them lower grade instabilities that may have gone 
undetected given the data currently available. While some instabilities may have gone unde-
tected, many instances of the many different trajectory types were detected, thereby, demon-
strating the utility of this approach, giving some indication of the relative frequencies of these 
different type of trajectories.  
Model parameter uncertainty can also be estimated using this modelling approach and is im-
portant to consider in interpreting the results. For example, overlapping 95% credible inter-
vals between model parameters is often used as an indicator of the presence of uncertainty in 
parameter estimations. Analysis of averaged linear changes in coral cover across this time-
series shows that for sites where cover of Acropora spp. declined, it declined at an annual 
average rate of 3.9% (4.4, 3.3, 95% credible interval) and on sites that it increased it did so by 
4.5% (3.7-5.3, 95% credible interval). Given the uncertainty around these rates, there was no 
clear evidence of an overall trend of coral decline or increase. Similarly, care must be taken 
in comparing rates of recovery after the COTS outbreaks. As there were fewer sites affected 
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by the second COTS outbreak, estimation of the certainty surrounding recovery rates is likely 
to be less precise and accurate. These local differences in uncertainty, however, will be useful 
in providing guidance for future research aimed at estimating better these uncertainties and 
ultimately increasing the knowledge that can be gained from analyses of these and other 
large-scales ecological data sets.          
To conclude, the present study demonstrates that local-scale variation in coral cover of 
Acroporid spp. is important for understanding the trajectories of these species at large spatial-
scales. Overall, we observed more frequent periods of coral cover decline, asynchrony of 
trajectories at small spatial scales, and a trend to reduced rates of coral recovery of Acropora 
spp. consistent with long-term responses to a regime of frequent, diverse, and often intensive 
and extensive disturbances. Our results argue for the need to assign higher priority to the 
investigation of disturbance histories at small-spatial scales but within a broad regional 
context. Doing so will facilitate better understanding of variations in coral cover at large 
spatial scales, such as the GBR region, their causes, and options for their mitigation.  
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CHAPTER 5 
CUMULATIVE EFFECTS OF DISTURBANCES ON CORAL COVER ON THE 
AUSTRALIA’S GREAT BARRIER REEF: EXTENDING THE SEMI-
PARAMETRIC BAYESIAN HIERARCHICAL MODEL (SPa-BaHM) 
 
SYNOPSIS 
In this CHAPTER, the Semi-Parametric Bayesian Hierarchical model is revisited. In this in-
stance, the contribution of disturbances in coral responses at different time and spatial loca-
tions is considered to identify a set of stressors responsible of the reduction of coral cover. 
Explicitly, this CHAPTER investigates the cumulative effects of disturbance by using a prob-
abilistic approach and contributes to the second, third and fourth research questions of this 
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5.1 INTRODUCTION 
Habitat-forming species have evolved to cope with disturbances to the extent that disturb-
ances can be a major force in maintaining high diversity ecosystems including coral reefs and 
tropical forests (Connell 1978; Sousa 1984; Knowlton et al. 2010). Recently, effects of a di-
verse range of disturbances, and their increasing intensities, and frequencies have exceeded 
the capacity of these emblematic ecosystems to recover from disturbances (Butchart et al. 
2010; Barnosky et al. 2012). As a cumulative effect of these disturbances there has been a 
decline in the health of global ecosystems resulting in the widespread decline on some tropi-
cal of some corals (Hughes et al. 2003; Bellwood et al. 2004; Pandolfi and Jackson 2006; 
Burke et al. 2011; Sweatman et al. 2011; Graham et al. 2011; De’ath et al. 2012), trees on 
land (Ellison et al. 2005) putting at risk the potentially millions of species (Caley et al 2014, 
Fisher et al 2015) living within and depend upon these populations. 
The high economical, ecological and social values of coral reefs have led to extensive moni-
toring of this ecosystem worldwide (e.g. Australian Institute of Marine Science Long-Term 
Monitoring Program (LTMP), Global Coral Reef Monitoring Network (GCRMN), National 
Oceanic and Atmospheric Administration (NOAA) and Coral Reef Conservation Program 
(CRCP)). The LTMP of the Great Barrier Reef is one of the most extensive surveys (Sweat-
man et al. 2008). Since it is beginning the LTMP has monitored coral cover and documented 
many and diverse disturbances across the entire extent of the GBR. This program and others 
have led to various studies that report major impacts on GBR coral populations from runoff 
from intensive agriculture (DeVantier et al. 2006, De’ath and Fabricius 2010), coral predation 
by crown-of-thorns (CoTS) starfish (Osborne et al. 2011, De’ath et al. 2012), coral bleaching 
(Berkelmans et al. 2004), coral disease (Maynard et al. 2011), and cyclones (Sweatman et al. 
2008, Osborne et al. 2011, De’ath et al. 2012, Johnson et al. 2013). Thus, patterns of recovery 
and decline of coral populations from disturbance has been an important focus of research for 
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a number of decades (Connell 1997, Hughes and Connell 1999, Pandolfi et al. 2003, Hughes 
et al. 2003, Halford and Caley 2009, Done et al. 2010, Osborne et al. 2011, Graham et al. 
2011, De’ath et al. 2012, Johns et al. 2014, Graham et al. 2014). Also, the effects of different 
types of disturbances on coral cover do not act independently (Darling et al. 2010). Disturb-
ances can co-occur and interact whereby one type of disturbance may be more likely follow-
ing another type of disturbance (Darling and Côté 2008; Ban et al. 2014). For example, coral 
disease can be more likely following bleaching (Maynard et al. 2011). The rate of recovery 
from disturbances can also vary according to the type and severity of the disturbance (Con-
nell et al. 1997).  
One approach to understanding cumulative impacts on trajectories of populations is to distin-
guish between interactions of multiple disturbances (Darling et al. 2010; Graham et al. 2014; 
Ban et al. 2014). Effects of multiple disturbances are defined as synergistic if the cumulative 
effect of disturbances, positive or negative, is greater than the individual impacts considered 
separately (Darling and Côté 2008). Furthermore, a specific disturbance can exacerbate the 
magnitude of cumulative disturbance effects. For example, sedimentation, storms and ocean 
temperature anomalies have been responsible for greater non-additive effects on coral popu-
lations (Ban et al. 2014). Therefore, the quantification of cumulative disturbance effects re-
quires an understanding of spatio-temporal patterns of disturbances, their consequences for 
population trajectories, and their interactions (Beck et al. 2012). Estimating of these spatio-
temporal sequences are challenging because of the uncertainty associated with various analyt-
ical approaches and understanding of the sampled variability of these populations. Such un-
certainty has led to debate in the literature regarding the exact state and degree of decline of 
coral populations (e.g. Hughes et al. 2011; Sweatman and Syms 2011). Such debates indicate 
the need for more robust tool for estimating disturbance effects on corals reefs, and other 
populations more broadly. 
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 While understanding the interactive effects of disturbances on populations is essential, doing 
so requires long-term and large spatial scales datasets. Where such datasets are available, the 
complexity associated with such data generally undermine the accuracy in model parameters 
estimation. One modelling approach that can address the analytical needs for understanding 
population trajectories in the face of cumulative effects of multiple disturbances is the Semi-
Parametric Bayesian Hierarchical Model (Spa-BaHM). With its application, population tra-
jectories can be modelled across a hierarchy of spatial scales while accounting for different 
sources of uncertainty (Crainiceanu et al. 2005, Cressie et al. 2009, Levy et al. 2014). This 
modelling approach has recently been used to estimate coral cover trajectories at large spatial 
and temporal scales by Vercelloni et al. (2014). Their study revealed that coral cover trajecto-
ries on the GBR could be well understood by considering three hierarchically organized spa-
tial scales extending from a few square kilometers to several thousand square kilometers, and 
three different sources of uncertainty arising from the data, the modelling of ecological pro-
cesses, and errors related to statistical estimations (Vercelloni et al. 2014). In the previous 
chapter, we also report that the large spatio-temporal variations in coral cover, such as that 
exhibited on the GBR’s sub-regions over the past 20 years, could be better understood 
through the acquisition of more robust information on local scale variations in coral cover 
(see previous chapter).  
In the present study, I extend the application of the Spa-BaH Model in investigating variation 
in coral cover by introducing the effects of disturbances at the scale of sites. By doing so, we 
are better able to estimate the contribution of various types of disturbances to the population 
level responses of corals at different times and locations. By studying the cumulative effects 
of disturbance, we are also able to identify a set of disturbances and rank them with respect to 
their effect sizes in reducing the cover of Acropora spp., the main coral genus on the GBR. 
We focus on estimating the effects of six types of disturbances that have affected corals at 
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different locations, frequencies, and in different orders using a probabilistic framework from 
which I draw my conclusions. We then address whether these particular interactions provide 
insight and direction for more efficient and adaptive management of coral reefs at large 
scales, such as the entire GBR. We also address the broader application of these methods to 
understanding population trajectories across large scales under the common situation where 
sets of (sub-) populations are impacted by a range of external factors whose effects are poten-
tially cumulative. These methods can also be extended to the exploration of intra- and inter-
specific effects on population dynamics.  
 5.2 METHODS 
5.2.1 DATA 
We used estimates of coral cover from the Australian Institute of Marine Science’s Long 
Term Monitoring Program (LTMP) of the GBR (Sweatman et al. 2008). This program sam-
pled benthic cover annually from 1994 to 2004, and then every second year, on 47 reefs 
throughout the GBR using five permanent 50×1m2 video transects between 6 and 9m depth 
(see Jonker et al. 2008 for further details). Hard coral cover was estimated at the genus level 
and expressed as a percentage of transect area, based on observations taken at 200 random 
points along each transect. The survey was designed to track changes in benthic communities 
over time across 6 sub-regions (aka sectors) of the GBR. Within these sub-regions, the LTMP 
samples three reef habitats defined by the position of reefs on the continental shelf (aka shelf 
positions), except for the Swain and Capricorn-Bunker sub-regions in which only two (mid-
shelf and outer-shelf) and one (outer-shelf) habitats, respectively, are represented (Appendix 
A). Inner-reefs, being closest to the coast, are most exposed to terrestrial influences (Bell-
wood et al. 2004). The mid-shelf habitat extends over a large part of the GBR lagoon, with 
reefs situated at various distances between the inner and outer habitats of the GBR. Outer-
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reef habitat extends into more oceanic conditions. The survey is spatially replicated on two to 
four reefs per habitat and subregion, each reef being itself sampled at three distinct sites (Fig. 
3.1 in CHAPTER 3) and 5 transects per site which are pooled within sites for the purposes of 
this study. A total of 141 sites were sampled between 1995 and 2011. Here, we restrict our 
investigation to the dynamics of acroporid corals which dominate the GBR (i.e. 51% of coral 
cover) and are responsible for most of its annual and decadal variability in coral trajectories 
(Osborne et al. 2011). 
The LTMP also recorded disturbances by matching observed variations in coral cover on 
sites with observations of particular phenomena (Oliver et al. 1995, Sweatman et al. 2008, 
Osborne et al. 2011). Since 1995, bleaching events, crowns-of-thorns starfish outbreaks 
(CoTS), storms/cyclones, diseases, multiple and unknown disturbances were systematically 
monitored. The distinct signatures of these disturbances on reefs allowed disturbance types to 
be distinguished in the field (Osborne et al. 2011). For example, during a bleaching event 
some coral colonies, especially Acropora spp. lose colour and become pale or white (Loya et 
al. 2001). A starfish outbreak is defined as being active or incipient when the number of 
CoTS reaches a specified threshold of 1 or 0.22 CoTS per manta tow (see Sweatman et al. 
2008). Storm/cyclone impacts are assigned by consulting meteorological data and reef land-
scape changes (Sweatman et al. 2008). Multiple disturbances are defined as a combination of 
two or more different types of disturbances occurring between two consecutives sampling 
periods. Disturbance types are categorized as unknown if coral cover decreased in the ab-
sence of one of these disturbance signatures. Disturbances were recorded as having had an 
impact if total coral cover (Acropora spp. plus all other coral genera) at the reef scale de-
creased by more than 5% on a scale of 0-100% between two survey periods (Sweatman et al. 
2008). To calibrate disturbance data at the site scale, we matched the type of stressor with a ≥ 
5% loss of coral cover between two consecutive years pooled for the three sites within a reef.  
81 
 
5.2.2 EXTENDING THE SPa-BaH MODEL 
Within each sub-region, the observed abundance of Acropora yij at time tij indexed by site i 
and time period j was modelled using a three-tiered hierarchical model (Fig. 5.1). At the first 
tier of the model (the observation stage), values of coral cover, yij, which are represented as a 
percentage were arcsine square root transformed to be normally distributed with an expected 
value µij and a sampling variance term σε-2. At the second tier (the process stage), the ex-
pected value µij was described by the contribution of coral trajectories at three spatial scales: 
fs (.) describes the overall mean trajectory at the scale of the sub-region, and deviations from 
this overall curve represent hierarchically, the habitat and site-specific dynamics, indexed by 
h(s) and i(sh,) respectively. At the last tier (the parameters stage), the unknown parameters of 
the model were described. Trajectories at the sub-regional and habitat scales were modelled 
as fixed effects, via βs and γh. Two types of parameters were considered here. Fixed parame-
ters were described by vague normal prior distributions with a mean equal to 0 and a large 
variance. For modelling trajectories over time t, the model allows random slopes and inter-
cepts δi at the site scale. Furthermore, a set of random coefficients {ck}, {dhk} and {gik} is al-
located to the sub-region mean function (indexed by k), each habitat within a sub-region (in-
dexed by hk) and site within a habitat (indexed by ik), respectively. Random parameters were 
assumed to be mutually independent, with normally distributed priors for the random effect 
variances 2 2 2, ,c d g
− − −σ σ σ which were allowed to differ for each level of the model, and with
0
2−
δσ  
and 
1
2−
δσ representing the variability between and within sites. Inverse gamma priors were 
used to describe the associated precision parameters. 
A range of linear and nonlinear regression models were considered to assess appropriate 
ways to model disturbances and their cumulative effects on coral cover. Statistical diagnos-
tics including deviance information criteria (DIC), posterior predictive checks and residual 
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analysis were used to identify a preferred model. This model described both non-linear ef-
fects of disturbance occurrence and a linear effect of their accumulation (Fig. 5.1). Disturb-
ance occurrence was coded as 0 for years without a stressor and 1 when a disturbance oc-
curred, irrespective of the type of stressor. At the site scale, the associated equation ( )if t  was 
extended by transforming the disturbance occurrences into a penalized splines matrix 
tk
i
Occz as 
the time effect represented by the itkz matrix (Eq. 5.1, Crainiceanu et al. 2005, Vercelloni et 
al. 2014).  Cumulative effects of disturbances were estimated by summing the individual dis-
turbances accumulated over the 16 years of data. For modelling cumulative disturbances, the 
model allows a random parameter δ2i at the site scale (Eq. 5.1).       
3 3
( ) 0 1 2 3
1 1
( ) ( ) , 1, , , 1, ,
tk
K K
i i
i sh i i i i ik tk i k Occ sites
k k
f t t Cum t g z h z i N k K
= =
= δ + δ + δ + + = =∑ ∑ … …  
(Eq. 5.1) 
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Figure 5.1. Semi-Parametric Bayesian Hierarchical Model (SPa-BaHM) describing 
Acropora.spp cover yij at a site i and time j according to three hierarchical model stages and 
effects of disturbance and cumulative disturbances. Here, the transformed data yij are mod-
elled using a normal distribution with an expected value µij and variance σε-2. The expected 
value µij is a function of three spatial scales (sub-region fs, habitat fh and site fi). Effects of 
disturbances and their cumulative impacts are introduced at the site scale fi. Linear trends at 
sub-region and habitat scales are modelled using fixed effects (β, γ). At each site, trend pa-
rameters (δ) are considered to be random and are denoted by the subscript 0 corresponding to 
the intercept, 1 corresponding to the slope, and 2 corresponding to the cumulative disturb-
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ances parameter. Random effects require specification of a variance component (σ-2) for each 
spatial scale of the model.  
5.2.3 INTERACTIONS OF DISTURBANCES 
The SPa-BaH Model was fitted to the transformed coral cover data and posterior predictions 
compared to observations to indicate how successfully the model captured spatial and tem-
poral variability of Acropora spp. cover within a sub-region (Fig. 5.1, Appendix A). Then, 
two machine-learning techniques were used to consider all interactions between multiple 
stressors contributing to negative estimates of the cumulative disturbances parameters (δ2). 
Boosted Regression Trees (BRT models, Elith et al. 2008) and Classification and Regression 
Trees (CART models, De’ath and Fabricius 2007) were used to quantify the contributions 
and interactions of stressors to negative values of δ2. BRTs were assessed using a multinomi-
al distribution with a learning rate of 0.001, a bag fraction of 0.5 and 9 fold cross-validated 
measures of model performance. At each iteration, 50% of the data were used to build indi-
vidual trees (bag fraction = 0.5). CART models were performed with a complexity parameter 
of 1.0e-5 minimizing the cross-validated errors (De’ath and Fabricius 2007).   
Negative values of δ2 were used as a response variable in the tree analyses. Probabilities of a 
negative effect of cumulative disturbances were obtained from 6000 values of δ2 retained 
from 800,000 Markov Chain Monte Carlo (MCMC) simulations after burning in with 
500,000 simulations and using a thinning rate of 50 iterations. We classified these probabili-
ties into categories based on quantiles (2.5%, 50%, and 97.5%) of the simulated posterior δ2. 
In this way, we were able to use the magnitude of the negative δ2s, as an estimate of different 
levels of cumulative disturbance effects. We used ten explanatory variables likely to influ-
ence the accumulation of disturbance effects: two spatial variables represented by the sub-
regions (6 levels in total) and habitats (3 levels in total), the total number of disturbances, the 
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minimum number of years between two disturbances, and the occurrence of CoTS, 
Storms/Cyclones,  Bleaching, Disease, Multiple and Unknown events.  
The SPa- BaH Model was fitted using the R package R2WinBUGS (Sturtz et al. 2005) to call 
the Bayesian software analysis WinBUGS (Spiegelhalter et al. 2003). The BRTs and CART 
models were fitted using the gbm (Ridgeway 2006) and rpart (Therneau et al. 2009) packages 
in R.  
5.3 RESULTS 
5.3.1 DISTURBANCE DATA 
In total, 294 disturbances were recorded for the entire GBR over the study period 1995 to 
2011 (Fig. 5.2). The Townsville sub-region was the most affected with 78 discrete disturb-
ances followed by Cairns with 48 disturbances, Whitsundays and Swain with 45 disturbances, 
Cooktown-Lizard Island with 41 disturbances and Capricorn-Bunker with 37 disturbances. 
Unknown disturbances and storms/cyclones were the two most frequent disturbance types at 
the scale of the GBR representing 32% and 27% of disturbances, respectively. Unknown dis-
turbances were detected in all sub-regions whereas storms/cyclones acting alone were only 
reported in Cairns, Swain and Capricorn-Bunker sub-regions (Fig. 5.2). The second most 
important disturbance was coral predation by CoTS, which was attributed to 16% of the rec-
orded disturbances.  The Swain sub-region was particularly badly affected by CoTS while all 
other sub-regions were affected by them to a lesser extent with the exception of the Capri-
corn-Bunker sub-region. Multiple disturbances represented 13% of impacts reported in the 
Cooktown-Lizard Island, Cairns, Townsville, Whitsundays and Swain sub-regions. Bleaching 
events affected central sub-regions of Townsville and Whitsundays and disease disturbances 
were detected in the two southern-most and northern-most sub-regions of the GBR (Fig. 5.2).      
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Figure 5.2. Frequency and nature of specific disturbances that impacted sites across the entire 
time series (1995-2011). The central histogram shows the number of sites at the scale of the 
GBR where colored bars represent a specific disturbance. The same color coding is used to 
quantify the number of affected sites within the six sub-regions of the GBR. 
5.3.2 CUMULATIVE DISTURBANCES 
The effect of cumulative disturbances on coral cover trajectories and the uncertainty associat-
ed with the estimation of δ2 varied between sub-regions and habitat (Fig. 5.3). Most estimates 
were close to zero for the Cooktown-Lizard Island and Capricorn-Bunker sub-regions. For 
the four remaining sub-regions, δ2 was often large and negative. Included in the sites affected 
by cumulative disturbances were, the Townsville and Whitsundays sub-regions with 11 af-
fected sites, followed by Cairns (10 sites), Swain (9 sites), Cooktown-Lizard Island (4 sites) 
and Capricorn-Bunker (1 site). Among habitats within sub-regions, inner reefs in Cairns (7 
sites out of 9) were the most frequently negatively affected by cumulative disturbances, fol-
lowed by mid-shelf reefs in Townsville (6 sites out of 9), Whitsundays (7 sites out of 9) and 
Swain (6 sites out of 15) and outer reefs for the Cooktown-Lizard Island sub-region (4 sites 
out of 9). 
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Figure 5.3. Estimated effects of cumulative disturbance (δ2) for each individual site within the 
six sub-regions of the GBR. Dots correspond to the estimated posterior mean and associated 
lines indicate corresponding 95% credible intervals. Habitats are represented by colours with 
red for inner-shelf reefs, orange for mid-shelf reefs and green for outer-shelf reefs. Asterisks 
indicate sites negatively affected by cumulative disturbances. Negative upper bounds of 95% 
indicate sites negatively affected by cumulative disturbances. 
5.3.3 RELATIONSHIP BETWEEN THE NUMBER OF DISTURBANCES AND 
NEGATIVE EFFECTS OF CUMULATIVE DISTURBANCES 
There was a positive relationship between the number of disturbances and the probability of a 
negative effect of cumulative disturbances (Fig. 5.4). Among sites with one disturbance, dis-
turbances were associated with low negative probabilities for 35% of sites (12 out of 34 
sites). This percentage decreased to 10% with 2 disturbances (4 out of 40 sites), around 5% 
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for sites impacted by three (1 out of 26 sites) and four (1 out of 18 sites) disturbances and 
only probabilities of being negative superior to 60% where five disturbances were recorded at 
a site. 
The posterior quantiles obtained from the posterior probability distributions of negative cu-
mulative disturbance effects grouped all sites into four categories (Fig. 5.4). The first catego-
ry represents a small chance that cumulative disturbances had a negative effect and included 
less than 20 sites; the second category, comprising 26 sites, a medium chance; the third cate-
gory of 48 sites a large chance class and the fourth class, represented by 32 sites, represented 
a very large chance of negative effects of accumulated disturbance.  
 
Figure 5.4. Relationship between the probability that the cumulative effect of disturbance is 
negative and the number of disturbances per site within sub-regions/sectors. Sub-regions are 
CL = Cooktown-Lizard Island, CA = Cairns, TO = Townsville, WH = Whitsundays, SW = 
Swain and CB = Capricorn-Bunker. The dotted lines indicate boundary intervals of the four 
levels of cumulative effect of disturbances. Intervals were based on 25%, 50% and 75% 
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quantiles from the posterior distribution of the cumulative disturbance effect parameter (δ2) in 
the Spa-BaH Model. The first category represents a small probability of negative cumulative 
effects, the second a medium probability, the third a large probability, and the fourth category 
includes sites with 100% chance that the accumulation of disturbance had a negative effect on 
coral abundance. Note that all points are jittered along the x-axis.     
5.3.4 TREE MODELS 
Results from the Boosted Regression Tree models show that the cumulative effect of disturb-
ances is influenced by five main variables (Fig. 5.5). Negative cumulative disturbance effects 
were most strongly related to coral predation by CoTS, contributing almost 50% of the esti-
mated relative influence of all variables. Sector (sub-regions) and S1 (minimum number of 
years between two disturbances) were the second most important covariates with 17% and 
19% relative influences, respectively. Habitat and unknown disturbances each had less than 
10% relative influence. These results were consistent with the CART models demonstrating 
that CoTS, the total number of disturbances (Number_D), sector, habitat, minimum number 
of years between two disturbances (S1) and unknown events are covariates that best explained 
probability variations (Fig. 5.6). From these results, we deduce that there is a 100% chance 
that the cumulative effect of disturbances negatively affects coral abundance if the site expe-
rienced more than one CoTS event in 16 years. Among sites that experienced at most one 
CoTS event, the number of disturbances (Number_D) is the most influential factor. The trees 
indicate that for sites with at most one disturbance, negative effects were related to sectors 
whereas for sites with more than one disturbance, habitat was the strongest correlate of these 
adverse outcomes. Where sites were affected by more than one disturbance, the outer reef 
habitat behaved differently from the inner and mid-shelf habitat. Within this habitat and with 
more than two years between disturbances, the probability of a negative effect of cumulative 
disturbances was moderate, but was much greater when two disturbances affected sites within 
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2 years. For inner and mid-shelf habitats, a negative effect of cumulative disturbances was 
instead related to the number of unknown events. With one or more unknown events, the 
probability of a negative cumulative disturbance effect was high; however in the absence of 
an unknown event this probability was very high. This result potentially stems from there 
being a more substantive impact of known, and therefore easily observed, disturbances. 
 
Figure 5.5. Relative influences from Boosted Regression Trees of ten explanatory variables 
on the probability of negative cumulative impacts of disturbance on Acropora spp. cover. The 
explanatory variables included sub-region (Sectors), Habitat, the total number of total dis-
turbances over 16 years (Number_dist), the minimum number of years between two disturb-
ances in the 16 years period (S1), the number of CoTS (CoTS), Storm/Cyclone (Storm), 
Bleaching, Multiple and Unknown. 
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Figure 5.6. Classification tree analyses of the probability that the cumulative effect of dis-
turbances negatively affected the abundances of Acropora spp. The explanatory variables 
included the sub-region (Sectors), Habitat, the total number of disturbances over 16 years 
(Number_dist), the minimum number of years between two disturbances (S1), the number of 
CoTS (CoTS), Storm/Cyclone (Storm), Bleaching, Multiple and Unknown events. Each split 
is labelled with the name of the associated covariate and the splitting rule. Figures in the ter-
minal nodes represent the probability categories (the low probability class represented by 1, 
medium probability, 2; high probability, 3 or very high probability, 4) and the percentage of 
sites in these particular categories. 
5.4 DISCUSSION 
Coral reefs have been highlighted as a marine ecosystem of special concern given recent bio-
diversity loss (McCauley et al. 2015) and the lack of information currently available to man-
age them effectively (Fisher et al. 2011). Disturbances disrupt the dynamics of populations of 
coral reef species and their abilities to recover from them (Hughes et al. 2003). Indeed, in the 
face of frequent and intense disturbances, coral populations on the GBR over the past few 
92 
 
decades are more likely to have been decreasing than increasing (Vercelloni et al. in review). 
However, the complexity of the many factors affecting these dynamics and their interactions 
has made it difficult to understand the role of disturbances and their cumulative effects on the 
dynamics of coral populations. By applying the SPa-BaH Model to 16 years of LTMP coral 
cover data, this study provides a novel perspective on the roles of disturbance in population 
dynamics of corals, by providing an analytical framework that allows for the simultaneous 
assessment of long-term coral responses, nested spatial scales, and uncertainty in the estima-
tion of disturbance effects. Through the application of this framework, we have demonstrated 
differing relative importance of a suite of disturbances which, until now, have only been con-
sidered independently at different spatial scales, in isolation of each other, and without ex-
plicit consideration of the many sources of uncertainty that could affect the responses of these 
populations to disturbance. This Bayesian framework also provided probabilistic estimates of 
the posterior distributions of the responses of these corals to disturbance.   
In general, the effects of the suite of disturbances that affected coral cover on the GBR over 
these survey years were non-additive.  The form and magnitude of non-additivity among dis-
turbances was dependant on spatial locations and the past disturbance histories of individual 
sites. Predation by CoTS starfish was the most influential type of stressor in terms of the cu-
mulative effects of disturbances at the scale of the GBR. For sites that experienced more than 
1 CoTS outbreak in 16 years, there was an estimated probability of 1.0 that the accumulation 
of disturbances negatively affected the cover of Acropora spp. at those sites. Among sites that 
experienced at most one CoTS event, the frequency of disturbances was the second most in-
fluential variable. Frequency of disturbances was represented by the total number of disturb-
ances and minimum years between two consecutive events. In turn, these two indicators of 
disturbances are connected because a larger number of disturbances in the fixed period of 
these surveys necessitated a shorter return time between disturbances. Finally, the magnitude 
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of the negative effects of cumulative disturbances was also related to spatial locations such as 
the sub-regions or habitats in which sites were located. Our results demonstrate that the type 
of disturbance is not the only factor to consider when trying to understand the decline of coral 
populations.  
CoTS have been widely recognised as a major stressor of coral populations on the GBR; 
along with cyclones and storms they have been implicated in the biggest proportions of coral 
loss in past decades (Osborne et al 2011; Sweatman et al. 2011; De’Ath 2012). While our 
results concur, they also show that CoTS are not only responsible for the loss of coral but also 
strongly influence long-term negative effects of disturbances where a site is disturbed again 
by this agent. This effect is disproportionately large given their relatively low frequency of 
occurrence; an average of 0.3 CoTS outbreaks per site over 16 years compared with an aver-
age 0.6 storms and 0.68 unknown events per site recorded between 1995 and 2011. There-
fore, the frequency of disturbance by a particular stressor is not strongly associated with its 
influence on the trajectories of coral cover. Differences between the observed effects of these 
stressors are not explained by the model presented here. However, impacts of CoTS during an 
outbreak generally occur over longer periods and more patchily than do the effects of cy-
clones and storms on corals (Osborne et al. 2011). Therefore, slow acting forms of disturb-
ances that persist for longer periods (e.g. CoTS) seem to have more profound effects over the 
long-term compared with more quickly acting forms of disturbances such as storms which 
can have intense effects locally, but reduce less the ability of the corals to recover post-
disturbance. Also, cumulative effect of relatively discreet disturbances studied here has been 
quantified against a background of chronic environmental degradation such as sedimentation 
and reduced water quality. These chronic stressors could have contributed to the patterns ob-
served here by increasing the loss of corals and impairing their recovery beyond that caused 
by the intermittent disturbances studied here.   
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Our results also demonstrated that the probability of a negative cumulative effect of disturb-
ances on Acropora spp. increased with the number of disturbances while the range of proba-
ble outcomes decreased. Independent of sub-region sites that experienced more than 3 dis-
turbances, irrespective of type, displayed synergistic and negative effects on their coral popu-
lations. Our findings indicate that in the future, disturbances to coral populations on the GBR 
will likely contribute more to the loss of Acropora spp. cover not only because of their indi-
vidual impacts but also through their cumulative effects. Therefore, options for the conserva-
tion of Acropora spp. might include prioritizing sites for protection that have experienced less 
than 2 disturbances in 16 years because of a lower probability of degradation by cumulative 
disturbance effects. Another strategy for management might be the protection of frequently 
disturbed sites (i.e. more than 3 disturbances over 16 years) in order to maximize the proba-
bility of the recovery of coral populations at those sites. Whatever the strategy chosen, 
whether it is important to protect the strongest or weakest populations (Game et al. 2008), the 
present study highlights several characteristics of the effects of disturbances that could be 
useful in future decision-making regarding management actions to improve the health of cor-
al populations on the GBR. 
From the present study, we are better able to understand the long-term effects of a suite of 
disturbances to coral populations through their cumulative effects. The model developed and 
used here has facilitated greater understanding of the complex spatio-temporal dynamics of 
coral populations, the disturbances that affect them, and the cumulative effects of these dis-
turbances. Applied to these coral reefs data, disturbances by CoTS infestations and more than 
three disturbances per sites in 16 years are revealed as the two most important factors related 
to the populations dynamics of Acropora spp. on the GBR. The non-additive effects of these 
disturbances threaten the long-term persistence of these coral populations through their ac-
cumulation. The duration of stressors appears to be the proximate mechanism that explains 
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the greater influence of CoTS on the negative cumulative effect of disturbances than for other 
stressors. However, further studies comparing different types of stressors acting over at dif-
ferent times and scales and different coral reefs are necessary to validate the results presented 
here. 
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CHAPTER 6 
PROBABILISTIC ASSESSEMENT OF THE PERSISTENCE OF CORALS POPU-
LATIONS ON THE GREAT BARRIER REEF 
 
SYNOPSIS 
This CHAPTER illustrates the use of the Spa-BaH Model for the development of new insights 
and directions for coral reefs management purposes. In this case, the probability of persis-
tence of corals above a certain percentage is estimated to assess the states of coral popula-
tions at different times and locations. As a contribution to this thesis, the CHAPTER develops 
a new type of ecological indicator as a robust tool for gaining information on levels of degra-
dation of coral populations at the scale of the entire GBR, sub-regions and habitats. Further-
more, this CHAPTER contributes substantially to our abilities to choose populations which 
are likely to persist into the future, the fourth research question of this thesis. 
This chapter is in preparation as a journal article. 
Statement of Authorship for CHAPTER 6 
This chapter has been written as a journal article. The authors listed below have certified that: 
1. they meet the criteria for authorship in that they have participated in the conception, execu-
tion, or interpretation, of at least that part of the publication in their field of expertise;  
2. they take public responsibility for their part of the publication, except for the responsible 
author who accepts overall responsibility for the publication; 
3. there are no other authors of the publication according to these criteria; 
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6.1 INTRODUCTION 
The complex spatio-temporal variability inherent in populations usually obscures information 
contained in large-scale ecological data. Unlocking this information improves the acquisition 
of knowledge essential for understanding the state of populations at large spatial and tem-
poral scales. A Semi-Parametric Bayesian Hierarchical Model (SPa-BaHM) can assist in ex-
tracting this information by accounting for spatio-temporal population structures and disturb-
ances and various sources of uncertainties (Vercelloni et al. 2014). Using this approach, 
quantitative estimates can be expressed probabilistically and linked to relevant ecological 
indicators, thereby providing information about population changes and enhancing our ability 
to better understand complex and uncertain ecological problems (Barnosky et al. 2012). 
The lack of adequate knowledge to manage coral reefs (Fisher et al. 2011, Jackson et al. 
2014) and increasing environmental pressures are contributing to a rapid loss of the coral reef 
biodiversity around the globe (Bellwood et al. 2004). Reef landscapes as a whole are chang-
ing (Pandolfi and Jackson 2006; Hughes et al. 2010), but the quantification of these changes 
at large scales for management purposes is a major challenge. Knowledge of disturbances 
effects on populations and the ability of these populations to face environmental pressures are 
imperative for the conservation of coral populations and other associated reef species. For 
example, as with other coral reefs worldwide, Australia’s Great Barrier Reef has been im-
pacted by many major and diverse disturbances over recent decades including crown-of-
thorns (COTS) starfish outbreaks, bleaching events and cyclones but also face to coastal de-
velopment involving intensification in land use within the GBR catchment and shipping ac-
tivity. As a consequence, the percentage of its coral cover, an indicator of the health of coral 
reefs, is decreasing (De’ath et al. 2012). The major concern over the state of the GBR is 
clearly illustrated by the current threat of receiving the status of a World Heritage in Danger 
from the World Heritage Committee (IUCN, Decision 37 COM 7B.10).                  
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Ecological indicators of the state of coral populations are generally based on rate of coral 
cover (Hughes et al. 2010) and measures of recent mortality on coral colonies (Lirman 2013) 
at short-time scales. Values of these indicators are dependent on recent disturbances and do 
not inform us about the long-term trajectory of the state of populations (Sweatman 2007). 
Indeed, after a major disturbance coral cover generally decreases and the percentage of recent 
mortality increases but that is not necessary indicate a long-term degradation of a population. 
An absence of recovery measures by a remained low coral cover may be an evidence of dete-
rioration in coral population health. However, to date, there are no agreed thresholds to de-
termine levels of a degraded population (Sweatman 2007).  
In the present study, we adopt a probabilistic interpretation of estimated coral cover trajecto-
ries based on the SPa-BaH Model to investigate different levels of coral persistence at a par-
ticular threshold along and across the GBR. To illustrate the approach, we consider a scenario 
in which Acropora spp. populations, the main coral genus of the GBR, persist on sites with 
more than 4% coral cover based on data provided for the period 1995- 2011. By doing this, 
we are able to estimate the trajectory of the probability of persistence and use it as an indica-
tor of population abilities to recover from disturbances. In this chapter, the threshold of 4% 
coral cover of Acropora spp. is representative of the typical state of these species after the 
impact of a disturbance (Osborne et al. 2011). Such scenarios could be easily adapted to spe-
cific strategies for management, thereby providing essential knowledge about trajectories of 
persistence levels for coral populations exposed to different environmental conditions in 
large-scale ecosystems.    
6.2 MATERIALS AND METHODS 
The SPa-BaH Model (Fig. 6.1) has been developed to extract information from large-scale 
surveys and understand complex dynamics of populations. Applied to the Australian Institute 
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of Marine Science’s Long Term Monitoring Program dataset of the GBR for the period 1995 
to 2011 (Sweatman et al. 2008), trajectories of Acropora spp. were estimated across a three-
tiered spatial hierarchy and different sources of uncertainty (Fig. 6.1). Previous model inves-
tigations revealed that local variation in Acropora spp. cover are better understood by consid-
ering the effects of COTS outbreaks, bleaching events, storms, unknown and multiple dis-
turbances, and also their cumulative effects. Our estimates of coral cover followed closely 
observed ones, showing that the model was able to describe effects of disturbance on 
Acropora spp. with a reasonably high level of confidence (Appendix A). The purpose of the 
present study is to illustrate a range of insights and directions for management that can be 
revealed from the application of the Spa-BaH Model particularly to the investigation of dif-
ferent spatial scales and sources of uncertainty in coral cover trajectories. 
Analyses of the Spa-BaH Model via Markov Chain Monte Carlo (MCMC) provide sets of 
simulated values of estimated coral cover Yij
 
for a site i at a time period j, given the observed 
data and associated model parameters. In this study, model convergence was reached after 
800000 iterations, of which 500000 values were discarded as burn in and using a thinning 
rate of 50 iterations. Inferences presented here therefore are based on 6000 values from three 
different MCMC chains. Posterior probabilities of the persistence of Acropora spp. were cal-
culated by examining the number of times that the estimated values of Yij were greater than 
2% for each site, in each year, within sub-regions. The arcsine square root back-transformed 
value of 2% corresponds to 4% observed coral cover.   
Because of their fragile skeletons, high susceptibilities to environmental changes and a pref-
erential food for COTS starfish (Veron 2000), Acropora spp. were adversely affected by the 
stressors investigated in this study. In total, 294 disturbances were recorded for the entire 
GBR between 1995 and 2011. During this time frame, unknown and storm events were the 
two more frequent disturbances (Fig. 6.2). Indeed, approximately 75% of variation in coral 
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populations on the GBR are related to changes in abundance of Acropora spp., although these 
species accounted for only approximately 51% of the total coral cover (Osborne et al. 2011). 
Thus, Acropora populations are ideal candidates for identifying decreases in persistence abil-
ity and their status can be used as a reasonable proxy for the overall state of coral populations 
on the GBR. 
 
Figure 6.1. Semi-Parametric Bayesian Hierarchical Model (SPa-BaHM) describing 
Acropora.spp cover yij at a site i and time j according to three hierarchical model stages and 
effects of disturbance and cumulative disturbances. Here, the arcsine transformed data yij are 
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modelled using a normal distribution with an expected value µij and variance σε-2. The ex-
pected value µij is a function of three spatial scales (sub-region fs, habitat fh and site fi). Ef-
fects of disturbance and their cumulative impacts are introduced at the site-scale level fi. Lin-
ear trends at sub-region and habitat scale are modelled using fixed effects (β, γ). At each site, 
trend parameters (δ) are considered to be random and are denoted by the subscript 0 corre-
sponding to the intercept, 1 corresponding to the slope and 2 corresponding to the cumulative 
disturbances parameter. Random effects require specification of a variance component (σ-2) 
for each spatial scale of the model. 
6.3 RESULTS AND DISCUSSION 
Between 1995 and 2011, the probability of persistence ability of Acropora spp. with more 
than 4% cover decreased from 80% to 55% at the scale of the GBR (Fig. 6.2). The decline 
was not linear and suggested four distinct periods of increase and decline representative driv-
en by disturbances and subsequent recovery. The first period was one of coral increase, end-
ing two years after the beginning of the period analysed here. Before 1995, numerous dis-
turbances affected the GBR including COTS outbreaks in the northern parts (Oliver et al. 
1995) and storms in the south (Halford et al. 2004). From 1997 to 2002, the model predicted 
a slow decrease in the posterior probability that Acropora spp. coverage persisted with more 
than 4% of coral cover. During these years, large disturbances occurred including a 5 year 
period of COTS infestation, two consecutive years of bleaching and 5 cyclones/storms (Fig. 
6.2). After this period, the probability of persistence above 4% coral cover increased until 
2009, despite occasional observations of bleaching events and disease outbreaks and four 
consecutive years of multiple events including two cyclones, disease outbreaks and bleaching 
in the sub-region of Cooktown-Lizard Island and one cyclone and COTS starfish outbreaks in 
the sub-region of Whitsundays. Although the number of COTS outbreaks recorded during 
this period decreased, the probability that Acropora spp. persisted with more than 4% cover 
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was lower in 2009 compared to 1995. Finally, two cyclones that were exceptional with re-
spect to their strength and the areal extent of the damage they inflicted on the Great Barrier 
Reef, cyclones Hamish (2009) and Yasi (2011), were the two main causes of the rapid de-
crease in the predicted probability of persistence below the threshold of 4% coral cover at the 
end of the survey. 
These posterior probabilities of exceeding the 4% threshold in coral cover varied across the 
different sectors (sub-regions) and habitats of the GBR (Fig. 6.2, 6.3). Ranging between 60 
and 100% of percentage of change, there was a large probability of persistence above 4% of 
Acropora spp. cover for the entire sub-regions of Cooktown-Lizard Island and Swain, in mid-
shelf and outer reefs habitats in Cairns, and inner and mid-shelf habitat in the sub-region of 
Whitsundays. The most notable decrease was for the sub-region of Townsville in all of its 
three habitats. For these reefs the model predicted approximately a 50% probability of persis-
tence with more than 4% of Acropora spp. cover on outer reefs before cyclone Yasi in 2011 
and 5% after it. For the mid-shelf and inner-shelf habitats, the main decrease occurred in 
2002 when bleaching events triggered a decline in coral cover on inner shelf reefs and COTS 
outbreaks and storms triggered similar declines on mid-shelf reefs. However, at these reefs 
cover of Acropora spp. did not recover and the chance of persistence above 4% of coral cover 
continued to decrease after these events. A continual decrease in the persistence probability 
was also observed for sites on outer shelf reef habitat in the Whitsundays sub-region. At these 
locations, two storms were recorded in 2009 and 2011 and impacts of COTS starfish were 
recorded in 2000 and 2007. Distinct decreases in persistence of coral abilities to subsist with 
more than 4% cover were also quantified for the sub-region of Cairns between 1996 and 2004 
in inner and mid-shelf habitats. In this case, the decrease was with COTS outbreaks impact-
ing inner-reefs habitat and then propagating towards the mid-shelf habitat from 1996 to 2005. 
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Following these events and until the end of the survey period analysed here, the probability of 
persistence of Acropora spp. above 4% cover in inner reefs habitat remained low. 
6.4 CONCLUSION 
Here I estimate the probability of persistence of Acropora spp. above 4% coverage. For the 
first time, a decline in coral population health status at the scale of the GBR has been quanti-
fied and the most at risk sub-regions and habitats identified. Indeed, the sub-regions of 
Townsville and Whitsundays need particular attention regarding possible additional stressors 
that could reduce the persistence of Acropora spp. with more than 4% of cover to values of 
coral cover below this threshold. In contrast, the Capricorn-Bunker sub-region which has 
dropped below this threshold for all of its reefs needs to be observed carefully for signs of 
recovery and in its absence consideration should be given to how best arrest any further de-
clines and support recovery. Additional research would be helpful in expanding the generality 
of the results reported in this study. For example, the scenarios explored here are based on a 
single quantitative threshold. What now needs to be considered is the potential importance of 
natural difference of Acropora spp. abundances between habitats. For example, Acropora 
spp. are generally more abundant in outer reefs compare to inner-reefs habitat. Therefore, a 
4% threshold may be overly conservative for some locations where there are well connected 
populations from which recruits may help depleted populations recover. Alternatively, a 4% 
threshold may not be conservative enough for poorly connected populations that have less 
chance of receiving recruits from other populations, Nonetheless, the probabilistic assessment 
of risk presented here demonstrates some potential utility, current and future, that could help 
better target populations at risk across the GBR in order to optimize their management. 
105 
 
 
Figure 6.2. Trajectories of the chance of Acropora spp. persistence above a threshold of 4% 
cover from 1995 to 2011. The color of the circles represents a particular type of stressor and 
their sizes are proportional to the number of impacts recorded for a particular year.    
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Figure 6.3. Trajectories of the chance of Acropora spp. persistence above a threshold of 4% 
cover from 1995 to 2011. The color of the circles represents a particular type of stressor and 
their sizes are proportional to the number of impacts recorded for a particular year. 
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CHAPTER 7 
MODEL SELECTION CRITERIA 
 
 
Throughout this thesis, a SPa-BaHM framework has been adopted. This CHAPTER reports on 
evaluations of the model undertaken during the present research project but not reported in 
detail elsewhere. In particular, issues of model checking, model choice, prior assessment, 
convergence diagnosis and alternative models are discussed. 
7.1 MODEL CHECKING 
Three statistical methods were performed to assess the goodness of fit of models developed in 
this thesis.  
The first approach employed the Deviance Information Criterion (DIC) to compare proposed 
models. Smaller values of the DIC indicated more preferable models with respect to goodness 
of fit to the observed data and model parsimony. Four main model formulations were tested 
with a clear preference for the addition of effects of disturbances and cumulative disturbance 
in the Spa-BaH Model. This result is the same for the 6 sub-regions of the GBR (Table 1). 
The second approach employed Posterior predictive checks to check the estimation of coral 
cover trajectories by comparing data to replicated data under the model. The posterior predic-
tive distributions of coral proportion p(yijrep|yij) for each site i, time period j and given all 
model parameters have been plotted against the data to assess the validity of the model. We 
chose a graphical approach to assess the adequacy and discrepancy between data generated 
under the model and observed data. Discrepancy was assessed by computing the 95% credi-
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ble intervals of the posterior predictive distributions. Adequacy was checked by confirming 
that most of observed data lie within the 95% credible bands (see plots in Appendix A).    
The third approach employed analyses of residuals to assess the distribution of discrepancy 
measures. Specifically, the distribution of mean square root errors of estimated residuals was 
plotted to check for normality as assumed in the model specifications. This check was satis-
fied for all the models presented in this thesis. 
Table 1. Values of DIC for the four model formulations presented in this thesis  
SUB-REGION Model 1 
 
4 Spatial scales 
(Sect/Hab/Reef/ 
Site) 
 
 
CHAPTER 3 
Model 2 
  
3 Spatial scales 
(Sect/Hab/Site) 
 
 
 
CHAPTER 4 
Model 3 
 
3 Spatial scales 
(Sect/Hab/Site) 
+ disturbances 
 
NOT PRESENTED 
Model 4 
3 Spatial scales 
(Sect/Hab/Site) 
+ disturbances 
+ Cumulative 
disturbances 
 
CHAPTER 5&6 
 
CL -1178 -1176 -1243 -1417 
CA -1194 -1394 -1318 -1761 
TO -934 -1202 -1158 -1528 
WH -1085 -1198 -1251 -1561 
SW -726 -799 -890 -1120 
CB -360 -380 -380 -459 
 
7.2 MODEL CHOICE 
Model choice performed in this thesis was the result of an iterative process between tests of 
different formulations of model parameters and goodness of fit provided by model checking. 
In this thesis, transformed observed values of coral abundance were assumed to follow a 
normal distribution. Different statistical data distributions were also considered to model 
these data. For example, a model that employed a beta distribution for proportion data, allow-
ing data values between 0 and 1, was developed for the coral cover data. This model was 
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found to have poor convergence properties (see section 8.4). Moreover, the difficulty of 
reparametrization of the parameters of the beta distribution as a function of the mean and 
variance made the model less stable due to the tight mean-variance correlation. The availabil-
ity of independent mean and variances terms directly from the normal distribution has been a 
main criterion of the choice of this statistical distribution.  
Normality of data was assumed by using the arcsin squared root transformation. Other types 
of transformation such as log, logit, and inverse were also considered. These failed to pass the 
standard normal distribution tests and residual checks.   
The semi-parametric approach is another choice made in the model specification. This ap-
proach provides a trade-off between flexibility of trajectories that the model can estimate and 
interpretability of linear parameters. Non-linearity was represented by penalized splines with 
the assumption of 4 fixed knots and linear splines. The robustness of the penalized splines 
algorithm, already applied in several domains other than ecology (Ruppert et al. 2003) and 
the accessibility of the codes to compute them directly into R (Crainiceanu et al. 2005) moti-
vated the choice of this approach. Different values of fixed knots were tested with the same 
degree of splines. An alternative not tested in this thesis, maybe to include different degrees 
of splines. This may reduce the high uncertainty estimated at the end of the time-series.       
The number of spatial scales influenced the measured coral cover values and the mathemati-
cal representation of their effects constituted one of most important choices of the model. 
Overparameterization of the model was checked by calibrating the performance of the model 
with the regard of different spatial-scales with or without a smoothing function. The DIC, 
posterior predictive checks and residuals analyses were used to make final decisions about 
the model (Figure 8.1).     
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Figure 8.1. Example of model performance with the addition of spatial scales. Posterior pre-
dictive checks (top panels) and corresponding distributions of error terms (bottom panels) 
show an improvement in the estimation of coral cover trajectories. From left to right, the 
graphics display model performance according the consideration of one, two and three spatial 
scales respectively.    
The final choice of fixed and random parameters was based on the amount of data available 
in each spatial scale. For example, the few categories representing the habitat scale (three in 
total) was not enough to consider a distinct error term variance for each level. Thus, the for-
mulation of random parameters was applied only at the smallest spatial scale of the model. 
7.3 PRIORS ASSESSMENT 
Priors from the model were assumed to follow independent normal distributions with ex-
pected mean equal to zero and fixed or random variance terms. Different prior distributions 
were tested without satisfactory results in model performance. For example, multivariate 
normal distribution priors were computed and tested in the model but these resulted in poor 
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convergence of the MCMC chains. Similar results were observed with a parameterization of 
expected means different from zero. The smooth function of the model, which allows a lot of 
variability, may be the reason for these model disruptions when changing prior formulations.       
The sensitivity of priors was also assessed by changing values of the hyperparameters of the 
variance term. These did not induce any significant changes in the posterior estimates of coral 
cover. 
7.4 CONVERGENCE DIAGNOSIS 
Convergence from the MCMC chains was assessed by performing tests available in the CO-
DA R packages (Plummer et al. 2006). Gelman and Rubin’s and Geweke’s convergence di-
agnostics, trace and density-plots of parameters and autocorrelation plots between MCMC 
draws confirmed the convergence of MCMC chains. Three MCMC chains were simultane-
ously run to confirm convergence to stationarity. The centered time parameter on the year 
2001 helped to improve MCMC convergence.   
7.5 ALTERNATIVE MODELS  
Different non-linear models may be considered in order to evaluate the performance of the 
Spa-BaH Model developed in this thesis. For example, the polynomial model may give a 
good indication about the shape of time and disturbances effects since the nonlinearity will be 
better controlled. Also, alternative models such the Gompertz model may have more biologi-
cal meaning than the Spa-BaH Model (Aggrey 2002). This model is widely use in ecology 
because of biological meaning of parameters such as the estimation of a non-linear growth 
rate in presence of density dependence (Winsor 1931). As corals growth is limited by the free 
space available, the Gompertz model would be a good candidate. The major aim of this thesis 
was not to test different types of models and compare their performances. However, these 
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alternative models could improve the accuracy in the estimation of coral cover trajectories at 
large spatial scales and with different predictive capabilities.       
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CHAPTER 8 
GENERAL DISCUSSION AND FUTURE WORK 
 
The primary goal of this thesis was to explore the utility of data-based models coupled with 
adaptive learning approaches to better understanding the spatio-temporal patterns of coral 
dynamics and the processes that affect them. These models have been used here to provide 
new insights and directions for informed large-scale strategies of coral reef conservation and 
management. The application of the SPa-BaHM framework to coral cover data aims to un-
derstand coral population trajectories at large-scales by controlling for different sources of 
uncertainties inherent in the data, ecological processes of interest and estimation of model 
parameters. The main results of this thesis show that some aspects of coral cover trajectories 
can be better understood than in the past by retaining information at different hierarchical 
spatial scales in a non-linear context. The work presented here helps to refine the four re-
search questions asked at the beginning of the manuscript. Therefore, it also contributes to 
increase knowledge essential to the assessment of the state of coral populations on the Great 
Barrier Reef.  
The four main data CHAPTERS have been built on an adaptive learning approach; infor-
mation provided by the model early in the study helped direct subsequent directions for these 
statistical analyses. Specifically, new directions were always chosen based on the need to 
reduce uncertainty in the different stages of the model. The final version of the SPa-BaH 
Model introduced in CHAPTER 5 revealed robust information about the effects of disturb-
ances on coral cover trajectories. The parameterization of the model is based on investiga-
tions of different aspects of Acropora spp. cover trajectories along and across the GBR 
learned by earlier analyses of the data using this modelling framework. The probabilistic in-
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dicators developed in CHAPTER 6 will support informed management decisions. Indeed, they 
aim to reduce the impact of disturbances on coral cover and mitigate their subsequent effects. 
Ultimately, these indicators will enhance the protection of species from these reefs. 
a long-term degradation of a population. 
Model outputs from CHAPTER 3 and 4 acknowledge the large spatio-temporal variability of 
coral cover trajectories within different sub-regions and habitats of the GBR. In CHAPTER 4, 
the nine coral trajectory types found at the site scale demonstrates the need for flexible mod-
els that can accommodate all possible coral cover trajectories if we want to understand the 
effects of disturbances across all spatial scales. Indeed, by letting the data speak for them-
selves (Wood 2001), I have learned that carefully modelling the spatio-temporal patterns of 
coral populations, and their interactions with disturbances, is a good approach to reveal un-
derlying characteristics of the disturbances that impact these populations. A modern philo-
sophical theory about the predictions of catastrophes entitled Black Swans (Taleb 2010) ad-
vocates that rare extreme events, characterizing by the outliers in probability distributions, 
contribute to the maturation of any system towards crisis or unprecedented catastrophes. In 
ecology, this concept is referred to by some as ecological surprises (Lindenmayer et al. 
2010). Taleb (2010) argues that symptoms of unexpected crisis are unpredictable due to the 
human limitations of understanding the “unknown”. Nonetheless, by focusing on different 
sources of uncertainty and quantifying the effects of disturbances and their interdependences 
via the Bayesian framework (Cressie et al. 2009), the methods I have developed in this thesis 
provide clues for predicting the future of coral populations of the GBR under the control of 
the “unknown”.          
In CHAPTER 5 and CHAPTER 6, two characteristics of the disturbance effects have been 
characterised using the Spa-BaH Model. In the approaches used in both chapters, the concept 
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of odds is used to estimate model parameters to interpret disturbance effects on coral cover 
trajectories. Specifically, the likelihood of a negative cumulative effect of disturbances and 
abilities of corals to persist at a certain percentage cover has been explored. The method de-
veloped in CHAPTER 6 shows that the risk of Acropora spp. disappearance is increasing with 
time at the scale of the entire GBR. However, analyses from CHAPTER 5 reveal that the neg-
ative cumulative effects of disturbances are intensified by the effects of crown-of-thorns star-
fish. Previous studies have acknowledged the important impacts of COTS events on coral 
cover on the GBR (Sweatman et al. 2008, Osborne et al. 2011, De’ath 2012). However, the 
long-term effects of COTS on coral populations were not well understood until the present 
thesis. Furthermore, the robustness of my results constitutes precious information for the 
management of coral populations. The low uncertainty of these results in combination indi-
cate that the control of COTS outbreaks may be the best management option for reducing the 
risk of Acropora spp. continuing to decline on the GBR.        
The SPa-BaH Model can still be improved especially in the area of estimating of coral cover 
trajectories at large spatial scales. From CHAPTER 3, estimations of coral cover trajectories at 
the scale of habitat and sub-regions couldn’t be accurately estimated by including the effects 
of time and disturbances as covariates in the model. One problem with the performance of the 
model is the large increase in uncertainties in the estimation of coral cover toward the end of 
the survey. The hierarchical structure of the model allows the transfer of information across 
spatial scales and associated uncertainty, therefore, the origin of these uncertainties was diffi-
cult to localize in the model. One possible source of these increased uncertainties may have 
resulted from a change in the sampling design of the LTMP from every year to every two 
years between after 2004. As a result of this change in the sampling design, less data and 
therefore, less information was available toward the end of the survey. However, investiga-
tions of the effects of the sampling frequency change have been tested by simulated values of 
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coral cover for missing years in the dataset. Uncertainties in results from these analyses were 
still present. By consequence, this concern raises possible complications with aggregations of 
reefs in the definition of habitat and sub-region in the LTMP survey. To date, these aggrega-
tions were mostly defined to facilitate the management of the GBR and their statistical signif-
icances have never been tested. Investigations of new groups of reefs based on their coral 
trajectories and other indicators could improve the estimation of coral cover trajectories at 
large spatial scales.  
Upon completion of this thesis, there remain a number of potential avenues for future re-
search. Indeed, statistical approaches other than those used here can be used to classify coral 
cover trajectories into different groups. The large uncertainty within our classification ap-
proach conducted in CHAPTER 4 might be reduced by the application of clustering methods 
such as mixture modelling or other techniques focussing on grouping trends and/or model 
parameters. Using these groups in the SPa-BaH Model may give more information on the 
effects of disturbances at larger spatial scales than the one used in this thesis. 
A second research area that has not featured in this thesis, but presents opportunities for fu-
ture work, is the issue of time steps in quantifying coral cover trajectories and the effects of 
disturbances. To date, no studies have investigated the optimum number of years to use in 
categorizing coral cover trajectories as increasing or decreasing. For example, we don’t know 
how many years of coral cover decrease is needed to conclude that and ecologically signifi-
cant change has taken place. In CHAPTER 4, directions of coral cover change were quantified 
based on the occurrence of the same direction of coral cover change (+/-) during at least two 
consecutive periods (time step ≥ 2).  However, the precision in the detection of coral trajecto-
ry changes is highly related to the time step assumed at the beginning. Indeed, a short time 
step will detect fast coral changes but not necessarily inform on the long-term coral changes. 
On the other hand, a too long time step may ignore important changes in coral trajectories. 
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The development of methods to enhance the assessment of time step would optimize the de-
tection of coral trajectories changes involving long-term effects. Furthermore, the effects of 
disturbances and spatial locations and their interactions can influence coral cover trajectories 
according the time step used to investigate them. For example, the long-term influence of 
COTS on trajectories of Acropora spp. raises the issue of disturbance duration as this particu-
lar stressor was the only one likely to affecting individual reefs over several years. These fur-
ther analyses would help us better understand the temporal characteristics of coral cover 
changes, their causes and their implications concerning the chance of survival of coral popu-
lations on the GBR. 
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CHAPTER 9 
GENERAL CONCLUSIONS 
 
 
The four data CHAPTERS of the present thesis contribute to enrich knowledge on the spatio-
temporal patterns of coral dynamics based on four original research questions (section 1.4). 
Therefore, I am going to conclude by specifically addressing each of these research ques-
tions. 
The first research question concerned our abilities to estimate coral cover at large spatial 
scales. I demonstrated that the consideration of different spatial scales, non-linearity and un-
certainties in the estimation of coral cover trajectories is needed to assess the state of coral 
populations with respect to coral cover. In this thesis, the application of the SPa-BaH Model 
is a powerful tool to estimate population trajectories by accounting simultaneously for these 
three aspects of population dynamics. Specifically applied to coral cover data, the model al-
lowed us to gain insights into ecological processes affecting coral cover trajectories. 
Disturbances are one of the main ecological processes responsible for the multitude of coral 
cover trajectory types estimated from the model. The second research question addressed the 
specific role of disturbances in coral cover trajectories. Results presented in this thesis 
showed that effects of disturbances on coral cover act at the local spatial scales. Disturbances 
increased the spatial variability of coral trajectories between locations situated only a few 
kilometres apart. As a consequence, disturbances contribute to hinder the accuracy of coral 
cover estimation in some sub-regions of the GBR and at large spatial scales in general. 
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The third research question addressed specific effects of high rates and intensities of disturb-
ances on coral populations. Analyses of cumulative effects of disturbances have shown a sim-
ilar non-additive effect of disturbances at the overall scale of the GBR. This effect was accen-
tuated by the crown-of-thorns invasions, the number of disturbances and the time between 
two disturbances. Therefore, results found here demonstrated that coral cover was particular-
ly affected through a synergistic effect of disturbances increasing with their frequencies, in-
dependently of their types. Intensities of disturbances have not been investigated in this thesis 
because of lack of data. 
Finally, the fourth research question addressed the persistence of coral populations on the 
GBR. Conclusions about the state of these species at large spatial scales from analyses based 
on long-term data are essential for future strategies of management of the GBR. Predictions 
have not been investigated in this thesis mainly because of the weak predictive abilities of the 
SPa-BaH Model that are a consequence of its semi-parametric nature. However, results from 
all studies demonstrated two different coral dynamics between sub-regions situated in the 
central parts of the GBR and sub-regions at the extremities. At the entire scale of the GBR, 
the probability of persistence with more than 4% of coral cover decreased from 80% to 55% 
in 15 years. This decrease has been related to particular degradations of two sub-regions 
namely Townsville and Whitsundays. In these sub-regions, environmental conditions such as 
chronic stressors and/or the cumulative effect of previous disturbances may have inhibited the 
ability of corals to recover, resulting in decreasing trajectories of coral cover and a persistent 
low probability of coral populations exceeding 4% in cover. Analyses performed during this 
thesis showed that the detection of a unique state of coral populations at the scale of the GBR 
is not possible. However, the high levels of degradation of Acropora spp. in central sub-
regions may slowly change the dynamics of corals towards a large spatial scale crisis result-
ing in a possible disappearance of these species on the GBR.      
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APPENDIX A 
CORAL COVER TRAJECTORIES ESTIMATED FROM THE MODELS 
 
In the appendix, coral cover trajectories estimated from the two Spa-BaH Models developed 
in the thesis are displayed. In both cases, coral dynamics are plotted at the two spatial scales 
(habitat and reef sites) within the 6 sub-regions of the GBR and presented  next to each other 
to visually compare model performances. Note that for the site scale, models are presented 
below each other.  
The model A is the Spa-BaH Model without covariates from CHAPTER 4. 
B is the extending model from CHAPTER 5 & CHAPTER 6 accounting for the cumulative 
effect of disturbances. 
Dots represent the observed values of transformed coral cover and black lines the fitted tra-
jectories. Shaded areas encompass 95% posterior predictive intervals around estimated coral 
trajectories. Colours in the representation of coral cover trajectories at the habitat scale are 
related to the three different habitats (I: inner-reef [red dots], M: mid-shelf [orange dots] and 
O: outer-reef [green dots]). Coral trajectories at the site scale are illustrated within habitats 
for each of the 47 reefs monitored in this program. From left to right, sites 1, 2 and 3 are dis-
played within reefs. 
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1. Cooktown-Lizard Island sub-region (CL) 
 
 
 
 
1.1 Habitat scale 
 
1.2 Site scale  
1.2.1 Inner reefs habitat 
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1.2.2 Mid-shelf habitat 
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1.2.3 Outer reefs habitat 
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2. Cairns subregion (CA) 
 
 
2.1 Habitat scale 
 
2.2 Site scale  
2.2.1 Inner reefs habitat 
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2.2.2 Mid-shelf habitat 
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2.2.3 Outer reefs habitat 
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3. Townsville subregion (TO) 
 
 
3.1 Habitat scale 
 
3.2 Site scale  
3.2.1 Inner reefs habitat 
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3.2.2 Mid-shelf habitat 
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3.2.3 Outer reefs habitat 
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4. Whitsundays subregion (WH) 
 
 
4.1 Habitat scale 
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4.2 Site scale  
4.2.1 Inner reefs habitat 
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4.2.2 Mid-shelf habitat 
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4.2.3 Outer reefs habitat 
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5. Swain subregion (SW) 
 
5.1 Habitat scale 
 
5.2 Site scale  
5.2.1 Mid-shelf habitat 
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5.2.2 Outer reefs habitat 
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6. Capricorn-Bunker subregion (CB) 
 
 
6.1 Habitat scale 
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6.2 Site scale  
6.2.1 Outer reefs habitat 
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APPENDIX B 
R AND WINBUGS CODES OF THE SPA-BAH MODEL 
#################### BAYESIAN SEMI-PARAMETRIC HIERARCHICAL MODEL #################### 
# Estimation of long-term trajectory of Acropora cover from the Great Barrier Reef using four spatial scales: 
sub-region, habitat, reef and site. 
# see Vercelloni et al. 2014 for further details. 
 
# Load in required packages: 
library(lattice); library(coda); library(R2WinBUGS) 
setwd("C:\\Julie\\WinBUGS_model") 
# Read the data 
Coral.df<-read.csv(file.choose()) 
RecCL<- Coral.df[Coral.df$Sector=="CL",] # choose of the sub-region 
numObs <- length(RecCL$asinmeanCC) # total number of observations 
### Create site variable 
idnumOrig <- RecCL$site 
idnum <- rep(NA,length(idnumOrig)) 
uqID <- unique(idnumOrig) 
for (i in 1:length(uqID)) 
  idnum[idnumOrig==uqID[i]] <- i 
RecCL$idnum <- idnum 
 
numSubj <- length(unique(idnum)) ### Indivivdual number 
uqID <- unique(idnum) # Individual patch name 
 
### Create reef variable 
idreeOrig <- RecCL$Reefnumber 
idree <- rep(NA,length(idreeOrig)) 
uqree <- unique(idreeOrig) 
for (i in 1:length(uqree)) 
  idree[idreeOrig==uqree[i]] <- i 
RecCL$idree <- idree 
 
numree <- length(unique(idree)) #Reef number 
uqree <- unique(idree) # Reef name 
### Create habitat variable 
idgrpOrig <- RecCL$ShelfPosition 
idgrp <- rep(NA,length(idgrpOrig)) 
uqGP <- unique(idgrpOrig) 
for (i in 1:length(uqGP)) 
  idgrp[idgrpOrig==uqGP[i]] <- i 
RecCL$idgrp <- idgrp 
 
numGrp <- length(unique(idgrp)) # Habitat number 
uqGP <- unique(idgrp) # Habitat name 
 
### Centred years around the middle of the survey 
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years<-RecCL$Years 
y<-RecCL$Years[1:14] 
ybarre<-mean(y) 
yearsCent<-(y-ybarre) 
for (h in 1:nrow(RecCL)){ 
  for (d in 1:14){ 
    if (RecCL$Years[h]==years[d]){ 
      RecCL$yearsCent[h]<-yearsCent[d] 
    }}} 
 
### Creation matrix X: fixed coefficients matrix (Crainiceanu et al. 2005) 
yearsCent<-RecCL$yearsCent 
Yn<-length(yearsCent) 
num.knots=4 
X<-cbind(rep(1,Yn),yearsCent) 
knots<-quantile(unique(yearsCent), 
                seq(0,1,length=(num.knots+2))[-c(1,(num.knots+2))]) 
 
### Design matrix of random coefficients Z (Crainiceanu et al. 2005) 
Z_K<- (abs(outer(yearsCent,knots,"-")))^3 
OMEGA_all<-(abs(outer(knots,knots,"-")))^3 
svd.OMEGA_all<-svd(OMEGA_all) 
sqrt.OMEGA_all<-t(svd.OMEGA_all$v %*% 
  t(svd.OMEGA_all$u)*sqrt(svd.OMEGA_all$d)) 
Z<-t(solve(sqrt.OMEGA_all,t(Z_K))) 
 
### Implentation model 
program.file.name="BayesianSemiParametricHierarchicalModel.txt" # WinBUGS model 
init.C<-rep(0.01,num.knots) 
init.D<-(array(0.01,c(numGrp,num.knots))) 
init.E<-(matrix(0.01,numree,num.knots)) 
init.G<-(matrix(0.01,numSubj,num.knots)) 
init.Gam<-matrix(0.01,numGrp,2) 
init.Te<-matrix(0.01,numree,2) 
init.De<-matrix(0.01,numSubj,2) 
response <- RecCL$asinmeanCC 
n <-numObs 
nsites <-numSubj 
ngroups <-numGrp 
nreef <-numree 
group<-RecCL$idgrp 
reef<-RecCL$idree 
site<-RecCL$idnum 
 
data<-list("response","X","Z","n","nsites","nreef","ngroups","num.knots","group","reef","site") 
inits<-function(){list(beta=c(0,0),c=init.C,tauc=1,d=init.D,taud=1,e=init.E,taue=1,g=init.G, 
taug=1,taueps=1,gamma=init.Gam,teta=init.Te,delta=init.De,taudelta=c(1,1),tauteta=c(1,1))}  
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parameters<-list("mean","freef","fgroup","beta","delta","gamma","teta", 
                                         "splinei","spliner","splineh","taueps","fsector","splines", 
                                         "tauc","taud","taue","taug","taudelta","tauteta") 
 
# Model  
Bayes.fit<-bugs(data,inits,parameters,model.file=program.file.name, n.chains=3, bugs.directory = 
"C:\\Julie\\WinBUGS14",DIC=TRUE, n.iter=200000,n.burnin=100000,n.thin=50, debug=T) 
attach.all(Bayes.fit) 
 
WinBUGS model, version A: 
model{ 
#Likelihood of the model 
for (k in 1:n) { 
response[k]~dnorm(mean[k],taueps) 
# Assess model fit using a sum-of-squares-type discrepancy 
residual[k] <- response[k]-mean[k]  # Residuals for observed data                                      
sq[k] <- pow(residual[k], 2)      # Squared residuals 
} 
 
# Calcul of expected values 
for (k in 1:n) { 
mean[k]<-f[k]+fg[k]+fr[k]+fi[k] 
f[k]<-beta[1]*X[k,1]+beta[2]*X[k,2]+splines[k] 
fg[k]<-gamma[group[k],1]*X[k,1]+gamma[group[k],2]*X[k,2]+splineh[k] 
fr[k]<-teta[reef[k],1]*X[k,1]+teta[reef[k],2]*X[k,2]+spliner[k] 
fi[k]<-delta[dog[k],1]*X[k,1]+delta[dog[k],2]*X[k,2]+splinei[k] 
splines[k]<-b[1]*Z[k,1]+b[2]*Z[k,2]+b[3]*Z[k,3] 
splineh[k]<-c[group[k],1]*Z[k,1]+c[group[k],2]*Z[k,2]+c[group[k],3]*Z[k,3] 
spliner[k]<-w[reef[k],1]*Z[k,1]+w[reef[k],2]*Z[k,2]+w[reef[k],3]*Z[k,3] 
splinei[k]<-d[dog[k],1]*Z[k,1]+d[dog[k],2]*Z[k,2]+d[dog[k],3]*Z[k,3] 
} 
 
#Prior for the random parameters of the sub-region curve 
for (m in 1:num.knots){ 
c[m]~dnorm(0,tauc)} 
#Prior for the random parameters for the curves describing habitats 
for (m in 1:num.knots){ 
for (n in 1:ngroups){ 
d[n,m]~dnorm(0,taud)}} 
#Prior for the random parameters for the curves describing reefs 
for (k in 1:num.knots){ 
for (h in 1:nreef){ 
e[h,k]~dnorm(0,taue)}} 
#Prior for the random parameters for sites 
for (i in 1:nsites){ 
for (m in 1:num.knots){ 
g[i,m]~dnorm(0,taug)}} 
 
#Prior for monomial parameters of the sub-region 
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for (l in 1:2){ 
beta[l]~dnorm(0,0.001)} 
#Prior for monomial parameters of curves describing the habitats 
for (l in 1:2){ 
for (j in 1:ngroups){ 
gamma[j,l]~dnorm(0,0.001)}} 
#Prior for monomial parameters of curves describing the reef 
for (l in 1:2){ 
for (h in 1:nreef){ 
teta[h,l]~dnorm(0,tauteta[l])}} 
#Prior for monomial parameters of curves describing sites 
for (i in 1:nsites){ 
for (l in 1:2){ 
delta[i,l]~dnorm(0,taudelta[l])}} 
 
#Priors of precision parameters 
tauc~dgamma(1.0E-3,1.0E-3) 
taud~dgamma(1.0E-3,1.0E-3) 
taue~dgamma(1.0E-6,1.0E-6) 
taug~dgamma(1.0E-3,1.0E-3) 
taueps~dgamma(1.0E-3,1.0E-3) 
 
for (l in 1:2){ 
taudelta[l]~dgamma(0.001,0.001) 
tauteta[l]~dgamma(0.001,0.001)} 
 
#Define the reef, habitat and sub-region curves 
for (k in 1:n){ 
freef[k]<-f[k]+fg[k]+fr[k] 
fgroup[k]<- f[k]+fg[k] 
fsector[k]<-f[k]} 
} 
#End model 
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